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Abstract. Homebuyers increasingly rely on real estate websites to evaluate properties
throughout the home purchase process. Although most property profile images display inani-
mate objects (e.g., walls and furniture), some display living objects such as plants. Informed
by phytophilia theory, which proposes that humans have an innate attraction toward plant
life, we examine whether online home profiles with more versus fewer images containing
plant life differ systematically in property valuation. First, we report the results of a survey of
real estate agents indicating that awareness and priority of plant usage are currently low.
Then we conduct a descriptive analysis of a large representative sample of homes sold in the
United States and find that online profiles with more plant images tend to have higher trans-
action prices (as well as faster transaction speeds and higher levels of online engagement).
This difference persists after conditioning on factors related to property and neighborhood
characteristics, home presentation characteristics in the images and texts, and marketplace
conditions and expectations. The result is stronger for interior versus exterior images, for ear-
lier- versus later-appearing images, and in geographic areas where the current use of plant
images is less prevalent. Implications for future research are discussed.
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1. Introduction

such as plants and trees, because plant life has, over
time, contributed to human well-being and survival

Homebuyers increasingly rely on real estate websites
such as Zillow”, Trulia®, and Redfin® to view proper-
ties online throughout the home-buying process. It is
reported that 97% of homebuyers search online for
information while house hunting (National Associa-
tion of Realtors 2021), with 89% stating that visual
images of homes are very helpful in the decision-
making process (Carrillo 2008, Luchtenberg et al.
2019). Thus, the way homes are visually presented on
these platforms likely plays an important role in how
much attention they attract from potential buyers,
how appealing they are perceived to be, how quickly
they sell, and the price buyers are willing to pay.
Whereas most home profile images display inani-
mate objects such as walls and furniture, some display
plants, toward which humans have a natural affinity.
According to phytophilia theory, humans have an
innate tendency to affiliate with vegetative life forms

(Wilson 1984, Joye and van den Berg 2011, Brengman
et al. 2012, Tifferet and Vilnai-Yavetz 2017). Plant-
containing images may thus draw a disproportionate
share of attention and visually “pop out,” making
home profiles more salient and memorable. It is there-
fore possible that home profiles with more plant-
containing images are associated with more positive
online engagement, faster transaction speeds, and
higher prices paid.

In this research, we investigate several research
questions with descriptive analyses. First, what is the
current level of awareness and priority of plant usage
among real estate agents? Second, do home profiles
with more versus fewer plant images differ systemati-
cally in property valuation, and does this difference
persist conditional on factors such as inherent prop-
erty and neighborhood attributes, presentation efforts
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evident in profile images and texts, and latent market
conditions or expectations? Third, is there heterogene-
ity in the strength of the association between plant
images and property valuation as a function of
image characteristics or geographic area? Answers to
these questions are intended to form an important
foundation for future research to study the relation-
ship further.

We first present results from a survey among profes-
sional real estate agents showing that awareness and
priority of plant usage are currently low. Then we con-
duct descriptive analyses of a representative, unstruc-
tured data set from a major U.S. real estate platform,
consisting of 40,294 sold properties with 569,773 digi-
tal images, to assess the association between plant
imagery in home profiles and the prices paid for those
homes. We classify the images from this data set as
plant containing or not with a large multimodal model
(i.e., GPT-5-mini), after comparing the performance of
multiple pretrained or fine-tuned classification algo-
rithms. Our analyses show that home profiles with
more plant images tend to have higher transaction
prices, as well as higher levels of online engagement
(e.g., more likes) and faster transaction speeds. The
association between plant images and transaction
prices persists after accounting for differences in inher-
ent property and neighborhood characteristics, house
presentation efforts evident in profile images and texts,
marketplace conditions or expectations, plus other latent
information available to the real estate platform. Addi-
tionally, the association is found to be stronger when
plants appear in interior versus exterior images, when
plant images appear earlier versus later in home pro-
files, and in geographic areas where plants are less com-
monly used in home profiles.

As the data are observational and the analyses
are descriptive in nature, we do not seek to provide
causal evidence or prescriptive suggestions (Reiss 2011).
Instead, our goal is to examine a set of theoretically
informed and practitioner-relevant questions regarding
the current use of plant imagery in the real estate market
and to assess systematic differences in property valua-
tion associated with it, thereby laying a foundation for
future research to test the relationship further (de Kadt
and Grzymala-Busse 2025). Given this goal, we focus on
the association between plant-containing images and
home transaction prices, conditional on an extensive set
of alternative factors including inherent property and
neighborhood attributes, profile presentational features,
and market conditions or expectations. Our findings
suggest that plant image usage, an aspect of home
profiles not previously examined to the best of our
knowledge, is systematically associated with property
valuation, highlighting a managerially relevant pat-
tern that merits further study. The results may also
contribute to the hedonic pricing literature, which has

examined many relevant factors associated with real
estate values, but has largely focused on objective
attributes, such as home size and location (Sirmans
et al. 2005; Web Appendix A). Our results suggest that
home transaction prices may also relate to aspects of
the decision process not fully captured by objective
property attributes such as these.

2. Real Estate Agent Survey

We first conducted a survey (preregistered at https://
aspredicted.org/sj9-qpfp.pdf) among 98 real estate
agents (female=66.3%, age=43.92) recruited from
Centiment' (see Web Appendix B for details) to inves-
tigate the extent to which plants are used to enhance
property appeal. The survey began with two open-
ended questions, asking agents to provide (1) general
advice and (2) property presentation tips to home
buyers. Only 2% and 5.1% of the agents, respectively,
mentioned plants. Next, we presented 15 commonly
used tips for home sellers (in random order, adapted
from Ericson 2024), including adding exterior and inte-
rior plants, and asked agents to rate how often they
recommended each of these activities to house sellers
(1 =never, 2 = sometimes, 3 = always), and to also rank
their importance (from 1 =most important to 15 = least
important). Adding exterior (rating: mean =2.08, stan-
dard deviation (SD)=0.620; ranking: mean=11.00,
SD =3.65) and interior (rating: mean =1.86, SD = 0.703;
ranking: mean =11.38, SD =3.26) plants received the
lowest ratings and rankings among all tips, whereas
decluttering (rating: mean =2.89, SD = 0.348; ranking:
mean=4.62, SD=3.34) and deep cleaning (rating:
mean =2.80, SD =0.405; ranking: mean=>5.23, SD =
3.83) received the highest scores. The results suggest
that for industry actors, the role of plant images may
be generally overlooked (or not considered) when
preparing homes for sale.

3. Visual Plant Imagery and Property

Valuation

3.1. Data

3.1.1. Data Overview. We obtained a real estate data
set to investigate whether home profiles with more
plant images are associated with higher transaction
prices. We randomly selected 1,000 zip codes from
all 40,933 US. zip codes (Web Appendix C.1) and
retrieved the profiles of all homes sold in those zip
codes during a six-month period (June 10 to December
9,2019) from a major U.S. real estate platform. As with
Zillow® and other real estate websites, this platform
compiles real estate information from multiple sources
(e.g., Multiple Listing Service, a.k.a., MLS listings) to
provide users with as many active property listings as
possible for browsing or searching purposes. The plat-
form also offers real estate services to assist in property
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transactions. On average, the sale-to-list rate on this
website is 98%.

For each property, we obtained its transaction price
(the price at which the home sold) as the key outcome
variable, along with other market performance metrics
including the numbers of views, likes, dislikes, and
sign-ups for onsite tours through the website,” and
days on market until sold, as well as various property
characteristics to use as conditioning factors (see
Section 3.3 for details and Web Appendix D for the
variable extraction process). Of the 1,000 zip codes
sampled, 413 had at least one house sold, among
which the average number of homes sold was 98. The
resulting 40,294 properties sold were associated with
569,773 images and 40,294 text descriptions. In total,
36,847 of the 40,294 properties had valid transaction
prices. Of these, 15.8% had no images, however. We
excluded the properties with zero images from the
main analysis, leaving a final sample of 31,031 home

profiles for the regression analyses.’

3.1.2. Sample Representativeness. According to monthly
summaries from the real estate website, 1,436,651 prop-
erties were sold in the United States between June and
November of 2019. An ideal representative data set
should, therefore, contain 35,654 houses after adjusting
for the sampling ratio (1,000/40,933). Our data set
included 34,252 properties (96.07% of 35,654) sold dur-
ing the same time period (from June to November
2019). Given that 2.26% of the scraped properties (i.e.,
872 out of 40,294) did not indicate a sale date, our sam-
pling bias in terms of property counts, if any, is as small
as 1.67% (= 100% — 96.07% — 2.26%). In addition, the
median property sales price in our data set is $259,000,
and the average sales price is $367,930, both of which are
on par with the record at the national level for the 2019
real estate market ($258,000 median, $384,600 mean;
Attom 2020, Madison Trust 2024). Further inspection
shows that property type composition (single family,
condo, etc.), geographic distribution (including property
distribution across the Midwest, Northeast, South, and
West), and proportion of zip codes belonging to rural ver-
sus urban areas of the sampled properties closely mirror
national-level statistics (Web Appendix C.2). Thus, our
sample of sold homes is highly representative of the
properties sold in the U.S. real estate market in 2019.*

3.2. Image Classification

For each sold property, we constructed a plant image
count measure by classifying each of the 569,773 prop-
erty images as plant containing or not. We compared
a broad set of state-of-the-art image classification
methods and selected the best-performing one (GPT-5-
mini) among 13 representative approaches from three
different categories (see Web Appendices F.1 and F.2

for details). For vision-only models (VOMs), which
rely on only visual information to make discriminative
predictions, we tested the Google Vision application
programming interface (APL; Model (Al); Li and
Xie 2020), a convolutional neural network (CNN) fine-
tuned for binary plant image classification (Model
(A2); Simonyan and Zisserman 2015), and a Faster
Region-based Convolutional Neural Network (Faster
R-CNN) fine-tuned for plant object detection (Model
(A3); Ren et al. 2017). For vision-language models
(VLMs), which map images and text into a shared
embedding space through transformers and use con-
trastive learning to study image—text matches, we tested
a pretrained Contrastive Language-Image Pretraining
(CLIP) model for image classification (Model (B1); Rad-
ford et al. 2021) and a pretrained Vision Transformer
for Open-World Localization (OWL-ViT) model for
object detection (Model (B2); Minderer et al. 2022, 2023).
For large multimodal models (LMMs), which jointly
reason across an even wider range of input modalities
(e.g., images, text, audio, video) and are capable of
extracting relevant visual information (e.g., to classify
images) with textual instructions, we tested the zero-
shot performance” of the Gemini-2.5 model series (Mod-
els (C1)-(C4); Google DeepMind 2025) and the GPT-5
model series (Models (D1)~(D4); OpenAl 2025) using
prompts tailored for both image classification and object
detection (Web Appendix F.3).° We assessed the perfor-
mance of the different methods with a small subset of
randomly sampled home images labeled as plant con-
taining or not by human coders.” LMMs with an image
classification prompt achieved the highest accuracy
levels (around 95%; versus VOM and VLM accuracies
<90%). We adopted GPT-5-mini to classify the images
given its accuracy (95.0%), efficiency, and balance
between false positive and false negative rates. We used
plant image count as the main independent measure,
and checked robustness with alternative measures.

3.3. Covariates

Our goal is to investigate an important factor in house
valuation, that is, plant imagery, beyond those that
may have been well studied or understood to conceiv-
ably correlate with plant imagery or property sales
price (see Web Appendix E). Thus, we focus on the
conditional association between number of plant
images and home transaction prices while adjusting
for other factors as comprehensively as possible. We
conducted a thorough review of the hedonic pricing
literature (Sirmans et al. 2005; Web Appendix A) to
identify factors commonly included in property valua-
tions. The most important factors are typically prop-
erty and neighborhood attributes such as the size and
condition of the property and desirability of the neigh-
borhood. Because sellers” behaviors and preferences
may also shape the presentation of home profiles,
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impacting perceptions and property valuation (Men-
ger 2019), we additionally incorporated textual and
visual attributes of the property listings. We also
extracted geospatial characteristics (e.g., vegetation indi-
ces, house facing direction) that may reflect/influence
the growth of plants and thus sellers’ likelihood of using
plants. Geographic information (e.g., zip codes) and the
estimated property values provided by the real estate
platform were also added to serve as proxies for
important latent factors, such as market conditions and
expectations. We detail the covariates below (see also
Web Appendix D and Table 1).

3.3.1. Property and Neighborhood Attributes. For each
of the 40,294 properties, we obtained the numbers of
bedrooms and baths, age of the home, home size, lot
size, property type, school rating, and walking and
biking convenience scores. We also obtained geospa-
tial property attributes using geographic information
system (GIS) tools. To account for vegetation on/near
each property, we acquired satellite images based on
each home’s longitude/latitude to calculate the nor-
malized difference vegetation index (NDVI) at three
granularity levels: 30, 120, and 510 meters around each
home (Rhew et al. 2011; Web Appendix D.1). The coor-
dinates of each property and its two symmetric across-
the-street neighbors were used to compute house
facing direction to capture the potential impact of solar
radiation on plants (Web Appendix D.2).

3.3.2. Image Attributes. We constructed CNN models
to extract additional information from the home pro-
file images (Web Appendix G).® Using 5,121 human-
labeled images as a training data set, we developed a
multilabel CNN (Liu et al. 2020) to evaluate image qual-
ity, property quality, cleanliness/neatness, attractive-
ness, maintenance, and decoration. We also constructed
hierarchical CNNs to classify each image as depicting
the exterior versus interior of the home and to evaluate
landscaping quality (for exterior images), property
occupancy, and furnishing expensiveness (for interior
images). The exterior/interior factor was dummy
coded; the others were scaled from zero to one. We
averaged each of the scaled measures across all images
for a home (e.g., one mean cleanliness score per home)
and standardized them so that positive values indi-
cated more positive perceptions.

3.3.3. Image Content. We submitted the 569,773 images
to the Google Vision API to identify and label all objects
in the images (3,649 object labels, of which 511 were
plant related and 3,138 were non-plant related;” Web
Appendix D.3). We conducted dimension reduction on
the 3,138 nonplant object labels using latent Dirich-
let allocation (LDA), which compressed the sparse
image-related labels into six clusters (Dzyabura and

Peres 2021; Web Appendix D.4). LDA generated a score
(from zero to one) for each of the clusters (sum to one
for each image), indicating the weight of the image
loading onto a specific cluster of nonplant objects. We
averaged the six cluster loading scores across all images
associated with each home.

3.3.4. Textual Attributes. We also measured the length
of the description (i.e, number of words: mean =42.12,
SD = 21.88), the number (mean=0.78, SD=1.1) and per-
centage of plant-related words (mean = 1.8%, SD = 2.8%)
and topical content in each home description. To code the
plant-related words, two human judges inspected all
16,583 unique words contained in the 40,294 text-based
home descriptions and identified 267 as plant related
(Web Appendix D.3). To capture the topical content con-
tained in each home description, we applied LDA (Blei
et al. 2003) to the preprocessed texts (tokenization, lem-
matization, etc.) and obtained five topics with five weight
scores for each home description (Web Appendix D.4).

3.3.5. Zip Code. Houses within a zip code share many
characteristics. We thus added the five-digit zip code
for each home to account for other locational and
neighborhood characteristics that may impact home
prices, and tested the robustness with three-digit zip
codes and alternative geographic indicators.

3.3.6. Property Valuation Estimate. The real estate
website provides real-time value estimates for proper-
ties listed (similar to the Zestimate® at Zillow™), which
can serve as critical and efficient proxies for latent house
characteristics and market conditions. We included the
website’s estimated home value prior to sale as an addi-
tional covariate, and checked the robustness with the
last listed price prior to sale, and the neighborhood
median house price."”

3.4. Main Results

3.4.1. Model-Free Results. Among the properties used
for our main analyses (those with price information
and at least one profile image; n =31,031),'" each prop-
erty had 18 images on average, of which 72.6% (12
images) depicted plants. The variations in plant image
count (SD=11.3) and percentage (SD=26.2%) were
sufficiently large to investigate relationships with
them. Figure 1 captures the distribution of plant image
count (panel (a)) and nonplant image count (panel (b))
with the y-axes on the right, and depicts their relation-
ship with the log-transformation of property prices
with the y-axes on the left. Importantly, there is an
approximately positive linear relationship between the
log-transformation of property price and plant image
count (r=0.276, p <0.001), but not for nonplant image
count (r=-0.031, p<0.001). We also note a stronger
positive correlation with log price for the number of
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Figure 1. (Color online) Model-Free Results

(a) Price (In) and plant image count (raw) (b) Price (In) and nonplant image count (raw)
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Notes. The model-free results in these images are based on the full sample of 40,294 properties. The scatterplots have jitter added to the x-axes, as
the numbers of images are integers. The nonlinear fitted lines used kernel-weighted local polynomial smoothing with the default Epanechnikov
kernel and rule-of-thumb optimal bandwidth settings in Stata. Web Appendix H, Figures H1 and H2 depict the zoomed-in version of panels (a)
and (b). Web Appendices H.3 and H.4 depict the relationship between property price (log-transformed) and total image count. Of the 40,294
properties, 22.99% had no images and 23.12% had a single image. As seen in the histograms in Web Appendix H, Figure H3, these observations
are distributed differently, with large spikes in the distribution, compared with profiles with two or more images. Furthermore, the pattern in
prices for these properties also appears different from the rest of the distribution. Prices for properties with two or more images appear to
increase linearly with number of plant images. Properties with zero or just one image have higher average prices than most of the rest of the dis-
tribution, with their average prices more in line with properties having around 20 images. In the zoomed-in figures (Web Appendix H, Figures
H1, H2, and H4), which have these observations removed, the nonparametric and linear trends are virtually identical. We note that the zero-
image property profiles were also qualitatively different, with shorter descriptions than those with one or more images (30.5 words versus 42.1
for those with images, t =49.5, p < 0.001) and were commonly sold without a realtor (94.7% with no realtor versus 16.0% for those with images).

plant images than for the total number of images
(r=0.184, p <0.001; Web Appendix H, Figures H3 and
H4). Although the raw association between plant
imagery and property valuation may be driven by a
variety of correlated factors, the contrast between
plant and nonplant images suggests the presence of
differences warranting further examination.

3.4.2. Main Results. Given the linear relationship
between plant image count and log price evident in
the model-free results, we adopted an ordinary least
squares regression for the main analyses to more for-
mally evaluate their relationship, with nonplant image
count as a covariate (Table 2). In Model (1), without
any other covariates, the regression coefficient of plant
image count is positive (8=0.0267, standard error
(SE)=0.0022, p<0.001) and significantly larger than
that of nonplant image count (f = —0.0205, SE = 0.0031,
p <0.001; coefficient comparison: p <0.001). The posi-
tive relationship between plant image count and price
paid persists after adding property and neighborhood
attributes (Model (2)), image and text attributes (Model
(3)), zip code fixed effects (Model (4)), and estimated
property value from the website (Model (5)) as covari-
ates. In particular, in Model (5), which contains all
available covariates, including the zip code fixed effects
and website estimated property valuation (claimed
to have a median prediction error of 2% compared
with the final sale price), plant image count remains
positive and significant (Plant Image Count: = 0.0016,

SE =0.0003, p <0.001; Nonplant Image Count: g =0.0007,
SE =0.0004, p>0.10). Additional analysis shows that
across 64 nonredundant models with different covari-
ate combinations, the coefficient for plant image count
remains consistently positive and significant, whereas
the coefficient for nonplant image count is neither posi-
tive nor stable (Web Appendix 1.2).

Thus, the prices paid for homes varied systemati-
cally with plant image count (but not with nonplant
image count). Selling prices were higher for properties
with more (versus fewer) plant images, and the differ-
ence persists after including covariates for property
and neighborhood characteristics, presentational fea-
tures such as text or image attributes, and other prop-
erty or local market condition information available to
the real estate platform.

3.5. Alternative Measures for Key Variables

3.5.1. Alternative Plant Imagery Measures. We checked
whether similar results emerged using alternative
measures for plant image count (Web Appendix J.1).
The results are consistent when substituting the per-
centage of plant images in each home profile (i.e., plant
image count divided by total image count; Model (6))
or the log-transformation of plant and nonplant image
counts (Model (7)). We also examined results using
plant image counts based on other image classification
methods (Models (8)—(12)) and obtained similar results
for classifiers with relatively high accuracy, such as
Faster R-CNN.
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We also ran a model with a dummy variable added
to indicate whether a property had any plant images.
Consistently, coefficients are positive for the dummy
variable and for plant image count, but not for non-
plant image count.'” Another analysis, replacing num-
ber of nonplant images with total number of images,
shows the plant image count coefficient is positive and
marginally significant.'?

3.5.2. Alternative Market Performance Measures. In
addition to the price paid for a home, we calculated
the number of days a property was on market until
sold. The real estate website also indicated how many
people viewed, liked, and disliked each property pro-
file, and how many physical house tours were sched-
uled through the website. The results were robust
(Table 3), as regards the association between plant
images and transaction speed (i.e., reduced days on
market; Model (13)), views (Model (14)), likes (Model
(15)), dislikes (Model (16)),'* and house tours (Model
(17))." The results were also consistent using alterna-
tive price-based outcomes (Web Appendix J.2), includ-
ing property sales price in absolute dollars (instead of
log-transformed; Model (18)) and price difference (per-
centage) over the property valuation estimate (Model
(19)), listed price (Model (20)), and neighborhood
median price (Model (21); see Web Appendix J.2).

3.5.3. Alternative Property Value Estimates. The main
analysis included the website’s estimated valuation of
the property as a covariate. Using instead the last listed
price for the home prior to sale (Model (22)) or neigh-
borhood median house price (Model (23)) yielded con-
sistent results (Web Appendix ].3), as did adding the
estimated property valuation and last listed price simul-
taneously (Model (24)).

3.5.4. Alternative Fixed Effects. Our main analysis
used five-digit zip codes for fixed effects. The results
are robust to using alternative geographic groupings for
fixed effects (Web Appendix J.4), including more coarse-
grained three-digit zip codes (Model (25)); geographical

Table 3. Alternative Market Performance Measures

cells constructed using one, two, three, or four decimal
places of the property coordinates (Models (26)—(29)); or
seller’s agent dummies (Model (30)).'¢

3.6. Exploring Heterogeneity by Image Type and
Geographic Market

The main analysis indicated a positive conditional
association between plant images and property price
paid. As an extension, we explored whether the
observed pattern varied by different image character-
istics and geographic areas, to document where the
association may be more or less pronounced.

We first examined whether the strength of the con-
ditional association between plant image count and
property valuation varied by image characteristics.
Results show that plant images had a stronger associa-
tion with prices paid for interior versus exterior images,
and for images appearing earlier versus later in a home
profile (see Web Appendix ].5, Models (31)~(33))."
Additional research would be needed to characterize
the underlying sources of the heterogeneity.

We then assessed whether the strength of the rela-
tionship between plant images and property valuation
varied by the prevalence of plant imagery in different
geographic areas. We quantified the prevalence of
plant imagery using the average percentage of prop-
erty images that contained plants within each zip
code and examined its interaction with our main
independent variable, plant image count (Figure 2(b),
analysis (34)).'® The results indicate a significant neg-
ative interaction between plant image count and geo-
graphic prevalence of plant images (f = —0.0076, SE =
0.0017, p <0.001). A three-way split of the plant image
prevalence measure'’ shows the association was larger
in areas with lower plant image usage (f=0.0027,
SE =0.0004, p <0.001; areas with moderate usage: =
0.0011, SE=0.0004, p=0.006; areas with high usage:
B =0.0008, SE =0.0003, p=0.017).

Different neighborhoods vary in prevalence of plant
image usage, and our results show that plant images
are more strongly associated with property prices in
markets where their current use is more limited. What

(13) Days on

Independent variable Market (In) (14) Views (15) Likes (16) Dislikes (17) Tours
Plant Image Count —-0.0017* 1.5832* 0.1543** —0.0096 0.0036*
(0.0010) (0.6940) (0.0338) (0.0064) (0.0017)
Nonplant Image Count 0.0050*** 0.0195 —0.1082** 0.0215%** 0.0005
(0.0012) (0.5158) (0.0254) (0.0059) (0.0013)
Coefficient comparison p<0.001 p=0.070 p<0.001 p<0.001 p=0.202

Notes. For all the models, we used the same set of covariates as in our Model (5). Values in parentheses are standard errors. For
Model (13), we note that our sample was selected based on a limited window of transaction dates (June 10 to December 9, 2019),
so very old property listings may exhibit survivor biases that attenuated the strength of the main association tested. Perhaps not
surprisingly, the conditional association is stronger if restricted to properties sold within a year.

*0.05 <p <0.10; *0.01 < p < 0.05; ***p < 0.001.



Downloaded from informs.org by [216.73.216.217] on 05 October 2026, at 16:31 . For personal use only, al rights reserved.

Chang et al.: Visual Plant Imagery and Property Valuation: A Descriptive Analysis

10

Marketing Science, Articles in Advance, pp. 1-13, © 2026 The Author(s)

Figure 2. (Color online) Geographic Prevalence of Plant Image Usage

(a) Prevalence of plant image usage and geographic characteristics

Prevalence of plant image usage Coefficient of Plant Median family Nearby property Average image
Image Count income ($) value ($) quality
Ranze (%) N | Mean (%) SD (%) B SE p-value Mean SD Mean SD Mean SD
Low (bottom 1/3) 27.3-63.0 7462 57.60 4.99 0.0027 0.0004 0.000 76,167 24,547 | 253,428 88,173 -0.382 0.278
Medium (middle 1/3) 63.1-76.1 7279 68.68 3.70 0.0011 0.0004 0.006 102,254 45,102 | 411,996 195,663 0.045 0.336
High (top 1/3) 76.2-100 7668 93.98 7.84 0.0008 0.0003 0.017 93,637 34,363 490,831 392,253 0.499 0.343

(b) Interaction results by geographic characteristics

0.005

~—&——  Moderator level: Bottom 173
Moderator level: Middle 1/3
~—@—  Moderator level: Top 1/3

0.0027

0.0011

0.0008

0.001 +

Phytophilia premium
at different moderator levels

—0.001

0.003
+ + 0.0017

0.0030
0.0026

0.0009 0.0009 0.0009

f f f

0.0012

Mo Plant Image Prevalence Median Family Income (SM) | Average Property Value ($M) Average Image Quality
loderator
(34) (35) (36) (37)
Interaction analyses
Plant Image Count 0.0068%% 0.0031%%% 0.0023%4 0.0016%%
(0.0013) (0.0005) (0.0004) (0.0003)
Plant Image Count * =0.0076*** —0.0143%** —0.0013** —0.0022***
moderator (0.0017) (0.0034) (0.0005) (0.0005)
Cell analyses
Plant Image Count * 0.0027*** 0.0027%** 0.0030*** 0.0026***
Moderator (bottom 1/3) (0.0004) (0.0004) (0.0004) (0.0006)
Plant Image Count x 0.0011** 0.0017* 0.0016* 0.0012%**
Moderator (middle 1/3) (0.0004) (0.0007) (0.0007) (0.0003)
Plant Image Count 0.0008* 0.0009** 0.0009** 0.0009***
Moderator (top 1/3) (0.0003) (0.0003) (0.0003) (0.0003)
C°eg‘0°“:j“‘]‘fv°5““1§l‘)‘)‘s°“ p < 0.001 p < 0.001 p < 0.001 p =0.004

Notes. In panel (a), the three-cell split was based on the 22,409 observations without any missing values in any of the covariates. This is to ensure
the coefficients of plant image count are comparable across different buckets. In panel (b), for all the models, we used the same set of covari-
ates as our main Model (5), plus nonplant image count and its interaction with the moderators. Values without parentheses are coefficient esti-
mates, and values with parentheses are standard errors of coefficient estimates. Each analysis in (34)-(37) includes two separate models (one
for the interaction analysis, one for the three-cell split analysis). Note that the three-cell split was based on the 22,409 observations without
any missing values in any of the covariates. This is to ensure the coefficients of plant image count are more comparable across different

buckets. *0.01 < p <0.05, *0.001 < p <0.01, **p <0.001.

characterizes areas where plant imagery is least ver-
sus most common? We found that neighborhoods
where plant imagery was least versus most prevalent
(Figure 2(a)) were characterized by lower family
incomes ($76,167 versus $93,637), lower nearby prop-
erty values ($253,428 versus $490,831), and lower
average image quality for the homes listed for sale
(—0.382 versus 0.499). Thus, one reason why plant
imagery usage varies across different markets may be
related to differences in sellers’ resources. Sellers with
greater resource limitations (e.g., time and monetary
constraints) may find it more challenging to imple-
ment every possible strategy to enhance property pre-
sentation, particularly strategies considered relatively
low priority, such as adding plant images. Yet our
results suggest it is in markets with greater resource
constraints that the residual price gap associated
with plant imagery is stronger (analyses (35)-(37),
Figure 2(b)), an intriguing pattern that deserves closer
examination.

4. General Discussion

Despite prior research suggesting extensive benefits
from exposure to plants in human living environ-
ments, their presence in modern-day, predominantly
indoor lifestyles is notably limited, which can nega-
tively impact well-being (Chang and Durante 2022).
Some contemporary architectural designers are work-
ing to address this issue by incorporating natural ele-
ments such as plants and water features into building
designs to elevate people’s moods and enhance
worker performance (Larsen et al. 1998, Joye et al.
2010, Margolies 2019). Informed by phytophilia the-
ory, which proposes that humans are intrinsically
attracted to natural life forms such as plants, we exam-
ined whether online home profiles with more images
containing plant life have systematically higher trans-
action prices, after accounting for variation in multiple
marketplace factors, including those that have been
previously studied, such as property attributes and
market expectations. By examining a variable not
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previously examined in the context of home-buying
behavior, plant imagery, our results may generate
deeper insights regarding home-buying behavior and
spur additional research regarding causal mechanisms
and generalizability (Reiss 2011).

We first presented results of a survey among real
estate agents suggesting that the use of plants in prop-
erty presentation is currently a low priority for most
house sellers. We then obtained a large data set of sold
homes in the United States and assessed the condi-
tional association between plant image count and
property sale price. Our results show that properties
with more plant images tend to have higher transac-
tion prices as well as higher levels of online engage-
ment and faster transaction speeds. Importantly, the
pricing differential exists above and beyond variation
in factors such as inherent property and neighbor-
hood attributes, presentation efforts (evident in other
aspects of the profile images and texts), and market
conditions or expectations. Further analysis showed
that the conditional association was stronger when
plants appeared in interior versus exterior images, in
earlier-appearing images in a profile, and in geo-
graphic areas where the use of plant images in home
profiles was less common.

The primary limitation of this paper is the observa-
tional nature of the data and the descriptive nature of
the analysis. Although we cannot explicitly test causal
theories or provide prescriptive managerial recommen-
dations, the observed positive association between
plant images and property valuation—after accounting
for an extensive set of covariates—suggests that plant
imagery may carry benefits beyond well-established
factors such as inherent property and neighborhood
attributes, property presentation efforts, and market
conditions or expectations (see Web Appendices E and
K.1). Follow-up analyses using double machine learn-
ing (Chernozhukov et al. 2017) and coarsened exact
matching (lacus et al. 2012) yielded consistent positive
coefficients of plant imagery on property valuation (see
Web Appendices K.2 and K.3), but the results cannot
be interpreted causally with a high degree of confi-
dence because of the lack of purely exogenous varia-
tion in plant imagery. Further research with careful
causal design is needed to rigorously test the existence
of a causal relationship.

More research is also needed to better understand
the heterogeneity observed. Following the idea of
using theory to inform descriptive analysis (de Kadt
and Grzymala-Busse 2025), we explored heterogeneity
with a focus on factors that could relate to attracting
home buyers” attention. Our results suggest that the
conditional association between plant images and
prices paid is stronger in contexts where plant images
are likely to be more salient and thus garner more
attention. Plants appearing in interior versus exterior

images are likely less expected and may therefore
attract more attention through a novelty effect (e.g.,
Schomaker and Meeter 2012). Similarly, plant images
appearing earlier versus later in the images of a home
profile may draw more attention because of a primacy
effect (e.g., Murdock 1962). Furthermore, we found a
stronger association in geographic areas where plant
imagery was less prevalent in home profiles and thus
possibly less expected, neighborhoods that also tended
to face greater resource constraints. Although we do
not directly observe mechanisms that comport with
phytophilia theory, our findings reveal noteworthy
patterns that warrant further investigation.

Future research could also examine whether plant
images in other contexts seem to attract more visual
attention in accord with phytophilia and evolutionary
theory, recognizing the life-supporting role of plant
life forms. For example, future research could explore
the implications of plant images beyond the residential
home selling context. Plant images may be associated
with prices and occupancy rates for short-term rentals
displayed on websites such as Airbnb or VRBO, where
visual presentation plays a central role in decision
making. More broadly, as consumers increasingly
rely on digital interfaces to evaluate products and ser-
vices, plant imagery and its associations may become
increasingly impactful in technology-mediated envir-
onments. It would also be interesting to examine
whether other forms of natural elements, such as ani-
mals and water features (i.e., biophilia, more broadly)
generate similar associations (Terrapin Bright Green
2014, Shin et al. 2023). Although such features may
currently be rare in the real estate market context,”’ the
possibilities in other contexts may provide promising
avenues for future research.

Endnotes

! Centiment is an online data collection platform for targeted audi-
ences and has been widely adopted by marketing researchers (e.g.,
To and Patrick 2021). We requested 100 real estate agents from Cen-
timent and retained 98 valid responses after attention-check exclu-
sions (Web Appendix B.1). Those agents have an average tenure of
9.74 years, with an average of 8.79 transactions handled per year.
Thus, their responses correspond to experience of approximately
8,390 transactions, providing reasonably broad information about
practices in the real estate market.

2 Website activity variables (including webpage views, likes, dis-
likes, and property tours) are no longer provided by the platform.

3 We note that property profiles with no images or just one image
were distributed somewhat differently, with the patterns in prices
for these properties appearing to differ from the rest of the distribu-
tion (Figure 1). We retained property profiles with one or more
images for the main analysis. The results, however, are consistent
when also including property profiles with zero images, or when
including only property profiles with two or more images.

4 Some may be concerned that property profiles may change after
being sold. Theoretically, changing property profiles (e.g., removing
house images) is mostly out of privacy concerns from the owners,
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which should be orthogonal to the property sales process. To fur-
ther address this problem, we checked the house profiles again six
months after the scraping. Only 2,335 out of 31,031 houses (7.52%)
were found to have image changes (and 557 were because of a
relisting). The analysis results are consistent after removing these
houses.

5 We adopted the zero-shot approach rather than fine-tuning as it is
among the most common and efficient ways to implement LMMSs
(see Web Appendix F.1). Notably, zero-shot classification with the
LMMs achieved near-ceiling accuracy (approximately 95%) in our
context, leaving limited scope for further gains from fine-tuning,
consistent with the findings from Ye et al. (2025).

8 The image classification prompt used was, “Please classify the
image based on whether it contains plants or not.” The object detec-
tion prompt used was, “Please detect all plant objects in the image
and classify the image based on whether it contains plants or not.”
We defined a structured output schema to standardize model
responses, which included a binary plant classification and a proba-
bility score of the classification for image classification tasks, and
plant locations in bounding-box format for object detection tasks.

7 In total, we labeled 5,141 images: 4,000 of the images were used
for model training, 500 for model validation, and 641 for model
evaluation. Only the CNN and Faster R-CNN models required
model training and validation. In addition to a binary label for each
image, human coders also drew bounding boxes (i.e., rectangles)
around each identified instance of plant life with VGG Image Anno-
tator (Dutta and Zisserman 2019) in order to train object-detection
models, for example, Faster R-CNN.

8 We did not use similar LMMs for evaluating image attributes or
image content more commonly related to property values because
these models were developed after the property transactions
occurred and thus may have encoded price information in their
knowledge bases (Lee 2025). By contrast, plant image classification
is a more objective task that is likely less influenced by market infor-
mation and can therefore be used more safely for estimation. Never-
theless, as a check, we used GPT-5-mini to evaluate image attributes
and found its prediction performance comparable to that of the
trained CNN models. The results remained consistent when image
attributes generated by GPT-5 mini were included as covariates
(Plant Image Count: p=0.0009, SE = 0.0003, p = 0.003).

9 The 3,649 image labels were classified by two independent human
coders (98.96% agreement rate).

10 Although the alternative property valuation estimation measures
reflect additional information available to property owners and
help account for local market and the property characteristics, the
list price itself may be endogenous to the home selling process, and
the neighborhood median sales price is superseded by the other
two valuation measures along with the zip code indicator. Hence,
we used website’s estimated home value as a conditioning factor in
the main model (Model (5)), and used the other two for robustness
checks.

" In the full sample of 40,294 properties, each had 14 images on
average, of which 60.01% (about 9 images) depicted plants. The cor-
relation with log price was stronger for the number of plant images
(r=0.269, p<0.001) than for the total number of images (r=0.195,
p<0.001).

"2 The coefficient for the dummy variable is f=0.0216 (SE = 0.0114,
p=0.059). The coefficient for Plant Image Count is =0.0016 (SE=
0.0003, p < 0.001). The coefficient for Nonplant Image Count is = 0.0006
(SE =0.0004, p = 0.131; coefficient comparison: p = 0.059).

3 The coefficient for Plant Image Count is =0.0009 (SE =0.0005,
p=0.063). The marginal significance is likely due to a high correla-
tion between plant image count and total image count. In this speci-
fication, the coefficient for the plant image count also has a different

interpretation: it captures the impact of replacing a nonplant image
with a plant image while holding the total number of images con-
stant. The positive coefficient indicates that such a substitution is
still associated with a more favorable outcome. It also suggests that
the documented association in our main analysis is tied to plant
imagery specifically rather than the overall quantity of visual infor-
mation provided in the listing.

* The coefficient of plant images on the number of dislikes is only
marginal (p = 0.132), possibly because house hunters tend to focus
on building their consideration set rather than their cross-out set,
unless a property is strongly aversive in light of their preferences.

15 Although the association between plant images and tours was
small, it may indicate that more users scheduled showings through
their own realtors (which we do not observe) before becoming
potential buyers (the same images are typically shown across all
other major real estate websites).

'8 In our data set, only 26,072 out of 31,031 properties have realtor
information. In total, we identified 6,871 unique realtors; each realtor
was associated with 34 properties on average, and 3,790 realtors han-
dled only one property. Because this variable is noisy with many
missing values, and including it as fixed effects would consume
many degrees of freedom, we did not include it in our main analysis.

7 Model (31) does not include nonplant image count, but includes
both interior and exterior image counts. A joint test of the regres-
sion estimates for interior and exterior plant image counts is
significant.

For each model, we included both Plant Image Count;; and
Plant Image Count; = Plant Image Prevalence; as the predictors (i and

j represent property i from zipcode j). We also included the
full set of covariates from our preferred Model (5), as
well as  Nonplant Image Count; and  Nonplant Image Count;; +

Plant Image Prevalence;.

19 We categorized each moderator into three groups and used
I (Plant Image Prevalence;) to denote the cell (bottom, middle, or top
third of the population) to which property i (from zip code j) belongs.
We then estimated the plant imagery—price association across
the three cells with Plant Image Count;; + 1 (Plant Image Prevalence].) as
the predictor. Each model included the full set of covariates
from our preferred Model (5) and Nonplant Image Count;; *
I (Plant Image Prevalence/.).

20 Using a random sample of 5,141 images (the same subset used to
train and evaluate the plant image classification models), we found
that 68.49% of the sampled images contained plants, compared with
0.14% containing animals (such as birds, deer, horses, cats, or dogs),
0.21% containing human presence, 0.95% containing mountains, and
3.37% containing water features (such as lakes, oceans, or pools).
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