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Abstract
Automated valuation models (AVMs) increasingly combine structured property attributes with listing text and location, yet
their reported accuracy depends on how the data are cleaned and partitioned. This study evaluates a multimodal GeoAI
workflow for annual villa rents in Riyadh, Jeddah, Dammam and Al-Khobar using public Aqar listings that pair structured
attributes with Arabic descriptions. Listings were linked to a national district gazetteer (98.5% of the analysis sample
matched), from which district centroids, district area, distance to the city centre and an inverse-distance spatial lag of
neighbouring district rents were derived. A data audit showed that 2,197 of the 3,718 published records (59.1%) were
exact duplicates, rising to 86–92% in Dammam and Al-Khobar. Gradient boosting with structured, text and geospatial
inputs was compared with hedonic and random-forest baselines under four validation designs. With duplicates retained,
random cross-validation gave a median absolute percentage error (MdAPE) of 1.5% and an R² of 0.82 on log rent; after de-
duplication these became 15.4% and 0.60, and under district-grouped validation 19.3% and 0.55. Under district-grouped
validation, geospatial context reduced mean absolute error by 20.6% (95% district-bootstrap interval 14.6–26.1%) relative
to structured attributes alone and removed significant residual autocorrelation in Riyadh (Moran’s I from 0.40 to − 0.01).
Text reduced error by 6.2% on its own but added no significant gain once geospatial context was present. Split-conformal
intervals reached 91.6% coverage at the nominal 90% level, while leave-one-city-out transfer degraded all models (MdAPE
26–34%). De-duplication and spatially grouped validation should accompany reported AVM accuracy.

1 Introduction
Residential valuation underpins mortgage lending, taxation, portfolio monitoring and household decisions about where to
live. Hedonic theory treats a dwelling’s price or rent as the sum of implicit prices for its structural and locational attributes
(Rosen 1974), and decades of hedonic studies have catalogued which of those attributes matter (Sirmans et al. 2005).
Automated valuation models (AVMs) operationalise this idea at market scale. Comparative studies generally find that tree
ensembles such as random forests and gradient boosting are more accurate than linear hedonic regressions (Mayer et al.
2019; Ho et al. 2021), although reviews also stress the interpretability and stability concerns that come with black-box
learners (Valier 2020; Wang and Li 2019). Rental markets have received less attention than sales, even though rent
estimates are needed for lease pricing, affordability monitoring and housing policy (Füss and Koller 2016; Hu et al. 2019).

Recent work extends AVMs beyond tabular attributes. Photographs, street-level imagery and satellite images have been
fused with structured data (Ahmed and Moustafa 2016; Poursaeed et al. 2018; Law et al. 2019; Yousif et al. 2023), and
the free text of listings has been shown to carry information on condition, finishing and amenities that fixed fields omit
(Nowak and Smith 2017; Shen and Ross 2021; Baur et al. 2023). A recent survey groups these developments under
multimodal real-estate appraisal (Huang et al. 2025). In parallel, GeoAI research argues that spatially explicit
representations, rather than raw coordinates alone, are needed when learning from geographic data (Janowicz et al. 2020;
Kopczewska 2022).

The evaluation of such models has not kept pace with their complexity. House prices and rents are spatially
autocorrelated (Basu and Thibodeau 1998), so a random train–test split places near-identical neighbours on both sides of
the partition. In ecology and remote sensing, random cross-validation has been shown to overstate predictive skill
substantially compared with spatially blocked validation (Roberts et al. 2017; Meyer et al. 2019; Ploton et al. 2020).
Listing data add further leakage channels: the same property can be posted repeatedly, and descriptions may state the
asking price. More generally, data leakage has been identified as a pervasive source of irreproducible results in machine-
learning-based science (Kaufman et al. 2012; Kapoor and Narayanan 2023). A multimodal model evaluated with a leaky
design may appear to benefit from extra modalities simply because they make memorisation easier.

Saudi Arabia is a relevant setting. Housing supply and affordability are policy priorities under Vision 2030 (Alqahtany
2021), and preferences for housing attributes have been compared between consumers and property practitioners
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(Mulliner and Algrnas 2018). Machine-learning and spatial studies of Saudi property prices have examined land parcels in
Riyadh (Louati et al. 2022), apartment attributes in Riyadh (Chikhmous and Rahman 2024) and spatial determinants of
housing prices in Dammam (Dano 2025). Arabic listing text poses additional challenges, including dialectal vocabulary
and orthographic variation (Darwish et al. 2021). A widely used public dataset of Aqar listings for Riyadh, Jeddah,
Dammam and Al-Khobar (Alharbi 2021) has previously been modelled with a neural network evaluated on a single 70/30
split, with near-perfect correlations reported for some cities (Alzain et al. 2022). Whether such accuracy holds under
stricter evaluation has not been examined.

This study evaluates an explainable multimodal GeoAI workflow for villa rents using that dataset, with the evaluation
design treated as a primary object of study. It contributes (i) a reproducible audit and district-level geocoding of the public
Aqar data; (ii) a comparison of four validation designs that isolates the effects of duplicate records and spatial
dependence on reported accuracy; (iii) estimates of the marginal contribution of Arabic text and district-level geospatial
context, with district-block bootstrap intervals; and (iv) spatial residual diagnostics, conformal prediction intervals and
SHAP explanations. Four research questions guide the analysis:

RQ1. How much do duplicate records and random partitioning inflate the apparent accuracy of rent AVMs on listing data?

RQ2. What is the marginal contribution of Arabic listing text and of district-level geospatial context when neighbourhoods
are held out?

RQ3. Do the resulting models leave spatially structured residuals, and are their prediction intervals calibrated across
cities?

RQ4. How well do models trained in three cities transfer to the fourth?

2 Related work

2.1 Machine-learning valuation and rent models
Early comparisons of machine-learning algorithms for house prices showed gains over linear models in single markets
(Park and Bae 2015). On about 40,000 Hong Kong transactions, random forests and gradient-boosting machines
outperformed support vector machines (Ho et al. 2021), and on Swiss transactions gradient boosting was the most
accurate method while robust regression was the most stable (Mayer et al. 2019). For rents, spatial and temporal
structure affects forecast accuracy (Füss and Koller 2016); online rental listings have been used to monitor rents with
ensemble learners that reveal district-level clustering (Hu et al. 2019); and large-sample comparisons have weighed
kriging against deep neural networks (Seya and Shiroi 2022) and regression-based against machine-learning spatial
predictors (Yoshida et al. 2024). Interpretable machine learning applied to rents finds size and age to be leading drivers,
with distance-decay effects for locational variables (Lorenz et al. 2023). Gradient-boosted trees remain strong defaults for
tabular data of this kind (Friedman 2001; Ke et al. 2017; Grinsztajn et al. 2022).

2.2 Multimodal and text-based valuation
Visual features have improved price estimates for small samples of houses (Ahmed and Moustafa 2016), luxury-level
classification from photographs has been combined with attributes (Poursaeed et al. 2018), and street-view and satellite
imagery have improved estimates in London, including in boroughs not seen during training (Law et al. 2019). Listing text
has been exploited through penalised regression on word counts, which reduced pricing error by more than a quarter in
one market (Nowak and Smith 2017), through measures of description uniqueness (Shen and Ross 2021), and through
deep text models for Atlanta rents, where combining text with location and attributes outperformed text alone (Zhou et al.
2019). Using descriptions of Berlin rentals and Los Angeles sales, Baur et al. (2023) reported mean absolute error
reductions of up to 17%, with smaller gains for low-priced rentals. For Arabic, character n-gram TF-IDF features perform
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well on dialectal text (Salameh et al. 2018), and transformer models such as AraBERT are available (Antoun et al. 2020).
Many of these studies evaluate with random splits, which leaves open how much of the gain survives when locations are
held out.

2.3 Spatial dependence, GeoAI and validation leakage
Spatial autocorrelation in house prices and hedonic residuals is well documented (Basu and Thibodeau 1998) and is
commonly diagnosed with Moran’s I and its local variants (Moran 1950; Anselin 1995). Machine-learning models can
absorb part of this structure through coordinates or engineered neighbourhood features, and local explanation methods
can recover spatial effects comparable to those of spatial econometric models (Li 2022). Validation is the weak point.
Roberts et al. (2017) showed that blocked cross-validation is almost always more appropriate than random cross-
validation for dependent data, Ploton et al. (2020) found that spatial validation turned apparently strong mapping models
into ones with little predictive power, and Meyer et al. (2019) showed that highly autocorrelated predictors such as
coordinates can produce overfitting that random validation conceals. Wadoux et al. (2021) caution that spatial cross-
validation is not a universal answer for map accuracy, and Meyer and Pebesma (2021) argue that error estimates apply
only within a model’s area of applicability. Different validation designs therefore answer different questions, which is the
stance taken in this study.

2.4 Uncertainty and explanation
Conformal prediction provides distribution-free prediction intervals with finite-sample marginal coverage under
exchangeability (Vovk et al. 2005; Lei et al. 2018; Angelopoulos and Bates 2023), with quantile-based variants for
heteroscedastic targets (Romano et al. 2019) and spatial variants for dependent data (Mao et al. 2024). SHAP values
attribute predictions additively to features (Lundberg and Lee 2017), with an exact and fast algorithm for tree ensembles
(Lundberg et al. 2020), and have been used to interpret mass-appraisal models (Iban 2022). Attributions describe the
fitted model, not causal effects.

3 Study area and data

3.1 Listing data
The listing data are version 4 of the public “Saudi Arabia Real Estate (AQAR)” dataset (Alharbi 2021), which contains
3,718 villa rental advertisements scraped from the Aqar platform for Riyadh, Jeddah, Dammam and Al-Khobar and was
collected in late January 2021 (Alzain et al. 2022). Each record has 24 fields: city, district, street frontage, land or building
size (m²), property age, counts of bedrooms, bathrooms and living rooms, 14 binary amenity indicators (kitchen, garage,
driver’s room, maid’s room, furnished, air conditioning, roof access, swimming pool, front yard, basement, duplex, internal
stairs, elevator and fireplace), the advertised annual rent in Saudi riyals (SAR), and a free-text Arabic description. In the
published file the descriptions are truncated at 253 characters; 37.6% of descriptions in the analysis sample are at or
within three characters of that limit. The target is the advertised (asking) annual rent, not a contracted rent. Because the
records come from a single collection window, no temporal validation is possible.

3.2 District gazetteer and geospatial features
District geometry comes from an openly licensed gazetteer of Saudi regions, cities and districts (Homaily n.d.; GPL-2.0),
which the repository documents as compiled from public Saudi National Address map data and which provides district
polygons, Arabic and English names and a centre point for each city. District names in the listings were matched to the
gazetteer within each city after normalising Arabic orthography (unifying alef variants, ta marbuta and alef maqsura,
removing diacritics and tatweel, and dropping the prefix hay, “district”). Of the 207 districts in the analysis sample, 201
were matched, covering 1,463 of 1,485 listings (98.5%). The unmatched districts include a generic name in Riyadh (al-
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Sharq, “the East”, with 11 listings) and the King Khalid International Airport district; their listings retain missing geospatial
values and an availability flag rather than being imputed.

For each matched district, the polygon centroid (or an interior point for non-convex shapes), the district area in km² and
the great-circle distance from the centroid to the gazetteer city centre were computed. Listings carry only a district name,
so all geospatial information is at district resolution. Figure 1 maps the study districts.

3.3 Data audit and cleaning
The audit was carried out before any modelling. Exact duplicates, records identical on all 24 published fields, were
removed first. Two pre-specified validity rules were then applied: annual rent between 10,000 and 1,000,000 SAR, which
excludes values that are almost certainly monthly rents or entry errors, and size between 100 and 2,000 m². The rules
removed 26 and 10 records respectively, leaving an analysis sample of 1,485 listings in 207 districts (Table 1). Applying
the same validity rules without de-duplication yields 3,682 records, which are used only to quantify the effect of
duplicates. The 1,485 retained listings form 1,447 distinct combinations of city, district, size, age, room counts and rent;
the 38 surplus listings are probable reposts with edited text, which district-grouped validation keeps in the same fold but
random validation may split.

Table 1
Records, analysis sample and descriptive statistics by city

City Raw
records

Unique
records

Analysis
sample

Districts Median
rent
(IQR),
SAR

Median
size,
m²

Median
rent
per m²,
SAR

Description
present, %

District
matched,
%

Riyadh 960 904 888 107 80,000
(50,000–
120,000)

340 217 96.6 97.9

Jeddah 888 411 394 49 100,000
(65,375–
150,000)

350 267 98.0 99.7

Dammam 894 123 121 26 60,000
(36,000–
75,000)

300 173 94.2 98.3

Al-Khobar 976 83 82 25 65,000
(50,000–
85,000)

349 190 93.9 100.0

All 3,718 1,521 1,485 207 80,000
(55,000–
120,000)

350 220 96.6 98.5

Raw and unique records are before the validity rules. Rents are advertised annual rents for villas. IQR, interquartile range.

4 Methods
Figure 2 Workflow. Listings and the district gazetteer are harmonised, three feature modalities are constructed, and
models are assessed with an audit layer of validation designs, prediction intervals and diagnostics.

4.1 Target and feature modalities
The target is the natural logarithm of annual rent. Predictions are back-transformed by exponentiation, which yields a
median-type estimate on the rent scale. Three feature modalities were defined.
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Structured (S): log size, property age, numbers of bedrooms, bathrooms and living rooms, the 14 amenity indicators, ten
one-hot street-frontage categories and four city indicators. City indicators are dropped in the leave-one-city-out design,
where the held-out city is never seen in training.

Text (T): descriptions were normalised (Arabic-Indic digits converted, Latin text lower-cased, diacritics and tatweel
removed, alef, ya and ta marbuta variants unified, punctuation runs removed). To prevent the advertised price from
leaking through the text, every numeral and every currency or number word (for example the Arabic words for riyal,
thousand and million, and the written tens) was deleted, which also removes telephone numbers. The cleaned text was
represented by TF-IDF word unigrams and bigrams together with character 2–5-grams within word boundaries (minimum
document frequency 2, up to 60,000 character features, sublinear term frequency), following evidence that character n-
grams suit dialectal Arabic (Salameh et al. 2018). A ridge regression on these features, with its penalty chosen from {0.3,
1, 3, 10, 30} by efficient leave-one-out validation inside the training data, produced a text score. The text modality
comprises this score, the description length and a description-present indicator; listings without a description receive a
missing score rather than a neutral value.

Geospatial (G): district centroid latitude and longitude, district area, distance to the city centre, a geocoding-availability
flag, and a spatial lag defined as the inverse-distance-weighted mean of log rent per m² over the five nearest districts in
the same city that contain training listings (distances floored at 0.5 km). In the leave-one-city-out design only the
transferable features (distance to centre, district area and the availability flag) are used, because coordinates and the lag
carry no information about an unseen city.

The text score and the spatial lag are themselves learned from rents, so they were constructed by stacking. For test rows
they are computed from the full training fold; for training rows they are computed out-of-fold through an inner five-fold
split that mirrors the outer design. In district-grouped validation, therefore, a listing’s own district never contributes to its
own spatial lag or text score, matching the conditions faced by a genuinely unseen neighbourhood.

4.2 Models
Three model families were compared: a hedonic ridge regression on standardised structured features (penalty 1.0) as the
linear benchmark; a random forest (500 trees, minimum leaf size 2, half of the features per split); and LightGBM gradient
boosting (Ke et al. 2017) with 500 trees, learning rate 0.03, 15 leaves, minimum child size 10, row and column
subsampling of 0.8 and an L2 penalty of 1. Hyperparameters were fixed before evaluation and not tuned on any test fold,
which avoids optimistic selection at the cost of possibly sub-optimal settings. Gradient boosting handles missing values
natively. Modality ablations used the same boosting configuration with the feature sets S, S + T, S + G and S + T+G, and
two single-modality references were added: the text-only ridge model and boosting on geospatial features with city
indicators (G).

4.3 Validation designs
Four designs were compared. (a) Random five-fold cross-validation on the 3,682 records with duplicates retained,
reproducing common practice with this dataset. (b) Random five-fold cross-validation on the 1,485 de-duplicated listings,
which estimates accuracy for new listings in districts already represented in the training data. (c) District-grouped five-
fold cross-validation, in which all listings of a district fall in the same fold, which estimates accuracy for neighbourhoods
without training listings. (d) Leave-one-city-out validation, which estimates transfer to a new city. Designs (a)–(c) were
repeated with three random seeds; results are reported as mean ± standard deviation across seeds. Design (d) has a
single deterministic partition.

4.4 Metrics and statistical comparison
Accuracy is reported as mean absolute error (MAE) and root mean squared error (RMSE) in SAR, median and mean
absolute percentage error (MdAPE, MAPE), the share of predictions within ± 10% and ± 20% of the observed rent (PE10,
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PE20), and R² on the log scale. To compare models, out-of-fold log predictions were averaged across the three seeds and
a district-block bootstrap was applied: districts were resampled with replacement 2,000 times, and the percentage
change in MAE and the change in MdAPE (percentage points) between two models were recomputed on each resample.
Percentile intervals at 95% are reported. Resampling districts rather than listings respects within-district dependence.

4.5 Prediction intervals
Split-conformal intervals (Vovk et al. 2005; Lei et al. 2018) were evaluated within the district-grouped design. In each outer
fold, 25% of the training districts were held out as a calibration set, the full S + T+G pipeline was fitted on the remaining
districts, and the absolute log residuals of the calibration listings defined the interval half-width as their empirical quantile
at level ⌈(n + 1)(1 − α)⌉/n. Intervals on the rent scale are exp(ŷ ± q). Two variants were compared: a marginal version with
one quantile for all cities, and a city-Mondrian version with a separate quantile per city, falling back to the marginal
quantile when a city had fewer than ten calibration listings. Coverage and interval width were assessed for α = 0.10 and α 
= 0.20.

4.6 Explanations and spatial residual diagnostics
TreeSHAP (Lundberg and Lee 2017; Lundberg et al. 2020) was applied to an S + T+G model fitted to the full sample, with
the text score and spatial lag computed out-of-fold by district. Mean absolute SHAP values were reported per feature and
summed by modality. Residual spatial structure was tested with Moran’s I (Moran 1950) on district-mean residuals from
the seed-averaged district-grouped predictions, using row-standardised five-nearest-neighbour weights within each city
and 9,999 random permutations for pseudo p-values.

4.7 Software and reproducibility
The analysis was carried out in Python with scikit-learn 1.9.1 (Pedregosa et al. 2011), LightGBM 4.7.0, SHAP 0.54.1,
Shapely 2.2.0 and pandas 3.0.5. Random seeds were fixed throughout. The scripts that reproduce every table and figure
from the two public sources are provided as Online Resource 1.

5 Results

5.1 Data audit
Duplication was severe and uneven (Table 1). Of the 3,718 published records, 2,197 (59.1%) were exact duplicates. The
share was 5.8% in Riyadh, 53.7% in Jeddah, 86.2% in Dammam and 91.5% in Al-Khobar, so the published file suggests a
roughly balanced sample of about 900–980 records per city, whereas the de-duplicated sample is dominated by Riyadh
(888 listings) and Jeddah (394), with only 121 listings in Dammam and 82 in Al-Khobar. Descriptions frequently contained
figures: 72.2% included at least one numeral and 16.4% included an explicit price, currency or thousand word before
masking.

5.2 Effect of the validation design
The validation design changed the apparent accuracy far more than the choice of model or modality (Table 2, Fig. 3). With
duplicates retained and random partitioning, the full boosting model reached an MdAPE of 1.5% and an R² of 0.82, with
83.3% of predictions within ± 20%. In Dammam and Al-Khobar its MdAPE fell below 1%, because most test records had
identical copies in the training folds. After de-duplication, random cross-validation gave an MdAPE of 15.4% and an R² of
0.60 for the same model; holding out whole districts raised the MdAPE to 19.3% and lowered R² to 0.55; and transfer to an
unseen city gave 26.3% and 0.31. Duplicates mainly flattered the flexible learners: the MdAPE of the hedonic ridge model
was 15.1% with duplicates and 24.6% without them, whereas that of structured-only boosting rose from 2.9% to 23.2%.
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Under district-grouped validation the three structured-only models were nearly indistinguishable (MdAPE 26.6–27.0%, R²
0.34–0.36). Boosting did not improve on the hedonic ridge model (MAE change + 1.7%, 95% interval − 0.7% to + 4.4%;
Table 3). Gains came from additional information rather than from a more flexible learner. Notably, boosting on geospatial
features and city indicators alone (MdAPE 24.9%) was at least as accurate as boosting on structured attributes alone
(26.8%).
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Table 2
Out-of-sample accuracy by validation design and model

Model MAE, SAR RMSE, SAR MdAPE, % PE20, % R² (log)

Random 5-fold CV, duplicates retained (n = 3,682)

Hedonic ridge [S] 23,017 ± 31 47,228 15.1 ± 0.2 54.0 0.54 ± 0.00

GBM [S] 13,661 ± 48 41,481 2.9 ± 0.1 78.1 0.73 ± 0.01

GBM [S + T+G] 10,368 ± 5 37,661 1.5 ± 0.1 83.3 0.82 ± 0.00

Random 5-fold CV, deduplicated (n = 1,485)

Hedonic ridge [S] 32,245 ± 129 66,340 24.6 ± 0.1 41.8 0.41 ± 0.00

Random forest [S] 31,288 ± 130 65,420 22.0 ± 0.0 46.1 0.44 ± 0.00

GBM [S] 31,810 ± 155 65,633 23.2 ± 0.3 44.4 0.43 ± 0.00

Text-only ridge [T] 33,576 ± 40 67,977 25.4 ± 0.4 41.3 0.37 ± 0.00

GBM [G] 32,005 ± 250 68,501 21.3 ± 0.7 47.4 0.41 ± 0.00

GBM [S + T] 29,670 ± 567 63,659 21.2 ± 0.6 47.7 0.49 ± 0.01

GBM [S + G] 25,111 ± 172 60,514 15.6 ± 0.4 59.3 0.59 ± 0.01

GBM [S + T+G] 24,578 ± 416 59,836 15.4 ± 0.8 60.0 0.60 ± 0.01

District-grouped 5-fold CV (n = 1,485)

Hedonic ridge [S] 33,811 ± 828 67,231 26.6 ± 1.0 38.8 0.36 ± 0.03

Random forest [S] 34,191 ± 542 67,084 27.0 ± 0.7 38.0 0.36 ± 0.03

GBM [S] 34,764 ± 414 67,423 26.8 ± 0.7 38.5 0.34 ± 0.02

Text-only ridge [T] 37,056 ± 317 70,555 29.7 ± 0.8 34.4 0.26 ± 0.01

GBM [G] 34,400 ± 716 70,791 24.9 ± 1.8 41.7 0.34 ± 0.02

GBM [S + T] 32,926 ± 370 65,866 25.3 ± 0.7 39.9 0.41 ± 0.02

GBM [S + G] 27,988 ± 370 62,304 19.5 ± 0.8 50.9 0.54 ± 0.01

GBM [S + T+G] 27,655 ± 732 62,002 19.3 ± 1.0 51.0 0.55 ± 0.01

Leave-one-city-out (n = 1,485)

Hedonic ridge [S] 34,758 67,498 27.1 36.5 0.35

Random forest [S] 34,603 67,839 27.6 36.8 0.34

GBM [S] 36,283 69,019 28.4 37.9 0.27

Text-only ridge [T] 40,228 73,266 33.8 29.1 0.15

GBM [S + T] 35,406 68,520 27.2 36.6 0.31

GBM [S + G] 36,624 69,248 29.4 36.0 0.24

GBM [S + T+G] 34,747 68,320 26.3 39.8 0.31

Values are means ± standard deviations over three seeds; leave-one-city-out has a single partition. S, structured; T, text; G,
geospatial; GBM, LightGBM gradient boosting. MdAPE, median absolute percentage error; PE20, share of predictions
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within ± 20%.

5.3 Contribution of text and geospatial context
Holding districts out, adding geospatial context to structured attributes reduced MAE by 20.6% (95% interval 14.6–26.1%)
and MdAPE by 6.8 percentage points (Table 3, Fig. 4). Adding text reduced MAE by 6.2% (3.3–9.2%), but its MdAPE
change was not significant (− 1.4 points, interval − 3.7 to + 0.3). Once geospatial context was included, text added a
further 1.6% reduction in MAE whose interval included zero (− 3.3% to + 0.3%). Under random cross-validation the same
increment was small but significant (2.8%, interval 0.4–5.1%), which suggests that part of the information in the
descriptions is locational and is used most when listings from the same district appear in training. Geospatial context
remained valuable after text was included (MAE − 16.7%, interval − 21.8% to − 11.1%).

Table 3
Marginal contributions of modalities: seed-averaged differences with 95% district-block bootstrap intervals

Comparison District-grouped CV:
ΔMAE, % [95% CI]

District-grouped CV:
ΔMdAPE, pp [95% CI]

Random CV: ΔMAE,
% [95% CI]

GBM [S] vs hedonic ridge [S] + 1.7 [− 0.7, + 4.4] −0.4 [− 2.5, + 1.1] −2.3 [− 5.2, + 0.5]

Add text: [S + T] vs [S] −6.2 [− 9.2, − 3.3] −1.4 [− 3.7, + 0.3] −8.6 [− 11.4, − 5.6]

Add geospatial: [S + G] vs [S] −20.6 [− 26.1, − 14.6] −6.8 [− 11.5, − 3.6] −22.0 [− 26.4, − 17.4]

Add both: [S + T+G] vs [S] −21.8 [− 27.3, − 15.8] −7.1 [− 11.9, − 3.6] −24.2 [− 28.5, − 19.6]

Text given geospatial: [S + 
T+G] vs [S + G]

−1.6 [− 3.3, + 0.3] −0.2 [− 1.5, + 1.0] −2.8 [− 5.1, − 0.4]

Geospatial given text: [S + 
T+G] vs [S + T]

−16.7 [− 21.8, − 11.1] −5.7 [− 9.2, − 2.5] −17.1 [− 21.3, − 13.1]

Negative values indicate lower error for the first model. ΔMAE is the percentage change relative to the second model;
ΔMdAPE is in percentage points. Intervals are from 2,000 district-level bootstrap resamples.

5.4 City-level accuracy and transfer
The gains were concentrated in the two larger markets (Table 4). Under district-grouped validation, the full model lowered
the MdAPE in Riyadh from 29.2% to 18.3% (R² from 0.30 to 0.56) and in Jeddah from 25.2% to 21.6%. In Dammam and Al-
Khobar, with 121 and 82 listings, it did not improve on simpler models, and the hedonic ridge model had the lowest
MdAPE in both (17.2% and 19.8%).

Leave-one-city-out transfer degraded every model (Table 2). Overall MdAPE ranged from 26.3% for the full model to 33.8%
for text alone, and R² from 0.15 to 0.35, with the hedonic ridge model highest. Transfer to Dammam failed for the full
model (MdAPE 50.0%, R² −0.14), whereas structured-only boosting reached 23.5%, showing that features learned in other
cities can mislead in a new market.
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Table 4
City-level accuracy under district-grouped and leave-one-city-out validation

City Model District CV:
MdAPE, %

District CV: R²
(log)

City holdout:
MdAPE, %

City holdout: R²
(log)

Riyadh Hedonic ridge
[S]

29.6 0.35 29.2 0.33

Riyadh GBM [S] 29.2 0.30 31.9 0.22

Riyadh GBM [S + T+G] 18.3 0.56 26.3 0.28

Jeddah Hedonic ridge
[S]

26.2 0.26 25.0 0.28

Jeddah GBM [S] 25.2 0.30 23.8 0.24

Jeddah GBM [S + T+G] 21.6 0.48 23.6 0.31

Dammam Hedonic ridge
[S]

17.2 0.15 27.4 0.07

Dammam GBM [S] 19.8 0.19 23.5 0.05

Dammam GBM [S + T+G] 19.8 0.26 50.0 −0.14

Al-Khobar Hedonic ridge
[S]

19.8 0.36 20.1 0.36

Al-Khobar GBM [S] 20.8 0.31 21.3 0.30

Al-Khobar GBM [S + T+G] 21.9 0.37 22.6 0.28

District-grouped values are means over three seeds. In the city-holdout column each city is predicted by a model trained
on the other three.

5.5 Text leakage test
Keeping numerals and price words in the descriptions improved accuracy only slightly. Under random cross-validation, the
MdAPE of boosting on structured and text features was 20.6% with unmasked text and 21.2% with masked text, and that
of the text-only model 24.9% versus 25.4%. Under district-grouped validation, the differences were 0.0 and 0.5 percentage
points respectively. The price leakage channel in this dataset is therefore small, probably because descriptions are
truncated and prices are often written in words, but masking removes it at negligible cost and is retained in all other
results.

5.6 Spatial structure of residuals
Models without geospatial context left significant positive spatial autocorrelation in district-mean residuals (Table 5). In
Riyadh, Moran’s I was 0.47 for the hedonic ridge model and 0.40 for structured-only boosting (both p < 0.001); with
geospatial context it fell to − 0.01 (p = 0.51). Jeddah and Dammam showed the same pattern at smaller magnitudes,
while Al-Khobar showed no significant autocorrelation for any model. Figure 5 shows that the structured-only model
under-predicted a contiguous belt of north-central districts in Riyadh and over-predicted much of the south and the outer
periphery, and that these contiguous patterns largely disappear in the full model.
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Table 5
Moran’s I of district-mean residuals under district-grouped validation

Model Riyadh (103) Jeddah (48) Dammam (25) Al-Khobar (25)

Hedonic ridge [S] 0.47 (p < 0.001) 0.12 (p = 0.043) 0.10 (p = 0.091) 0.06 (p = 0.155)

GBM [S] 0.40 (p < 0.001) 0.14 (p = 0.029) 0.16 (p = 0.034) 0.03 (p = 0.211)

GBM [S + G] −0.01 (p = 0.512) −0.10 (p = 0.855) −0.07 (p = 0.562) −0.18 (p = 0.942)

GBM [S + T+G] −0.01 (p = 0.507) −0.08 (p = 0.778) 0.02 (p = 0.257) −0.19 (p = 0.959)

Numbers of districts in parentheses. Weights: row-standardised five nearest neighbours within each city. Pseudo p-values
from 9,999 permutations (one-sided, positive autocorrelation).

5.7 Prediction intervals
At the nominal 90% level, marginal split-conformal intervals covered 91.6% of held-out rents overall but 89.6% in Jeddah;
at the 80% level Jeddah coverage fell to 78.2% (Table 6, Fig. 6). City-Mondrian calibration brought every city to at least the
nominal level (90.1–95.1% at 90%; 84.3–92.7% at 80%) at the cost of slightly wider intervals. The intervals are wide: at
90% the median width was 103,275 SAR for marginal calibration, about 1.28 times the predicted rent. This reflects the
limited information in district-level listing data and is reported rather than hidden.

Table 6
Empirical coverage (%) of split-conformal prediction intervals under district-grouped validation

Nominal
level

Method Riyadh Jeddah Dammam Al-
Khobar

All Median width, SAR
(All)

90% Marginal split-
conformal

92.0 89.6 94.2 92.7 91.6 103,275

90% City-Mondrian split-
conformal

92.3 92.4 90.1 95.1 92.3 109,670

80% Marginal split-
conformal

85.2 78.2 85.1 85.4 83.4 73,982

80% City-Mondrian split-
conformal

84.5 84.3 89.3 92.7 85.3 79,306

5.8 Model explanations
The spatial lag was the most influential feature of the full model (mean absolute SHAP 0.218 log units), followed by log
size (0.114), the text score (0.070), air conditioning (0.058) and distance to the city centre (0.051) (Fig. 7). Summed by
modality, structured features accounted for 47.5% of the total mean absolute attribution, geospatial features for 42.2%
and text for 10.3%. The shares were similar in each city (geospatial 41.0–45.2%, text 7.5–12.7%). These attributions
describe how the fitted model uses its inputs; they do not identify causal effects of, for example, distance or amenities on
rent.

6 Discussion

6.1 Evaluation design dominates reported accuracy
The most consequential decision in this analysis was not the model but the treatment of duplicates and the partitioning
scheme (RQ1). Exact duplicates made up nine in ten records in Dammam and Al-Khobar, and random validation on the
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published file reduced the full model’s MdAPE from 15.4% to 1.5%. Earlier work on the same dataset reported correlations
close to 100% for Dammam on a single 70/30 split, without describing de-duplication or grouped validation (Alzain et al.
2022). The present results are consistent with duplication contributing to such figures, although they cannot establish it
for that study. More generally, the findings align with evidence from other spatial domains that random validation
overstates predictive skill (Roberts et al. 2017; Ploton et al. 2020), and with warnings about leakage in applied machine
learning (Kapoor and Narayanan 2023). Multimodal AVM studies that rely on scraped listings should report exact and
near-duplicate counts, the grouping used in validation, and city-level results.

The three de-duplicated designs answer different questions rather than ranking one another (Wadoux et al. 2021).
Random validation on de-duplicated data approximates in-fill valuation within districts already represented in the data;
district-grouped validation approximates valuation in neighbourhoods without comparable listings; and city holdout
approximates deployment in a new market. Reporting all three gives users a realistic range of expected error.

6.2 Geospatial context matters more than text
When neighbourhoods were held out, district-level geospatial context was the most valuable addition (RQ2), and the
spatial lag of neighbouring district rents was the most influential feature. This agrees with the long-standing importance
of location in hedonic models (Sirmans et al. 2005), with evidence that simple coordinate and neighbourhood features
capture much of the spatial dependence in rents (Yoshida et al. 2024), and with the use of explanation methods to
recover spatial effects from tree ensembles (Li 2022). It also resolves the residual autocorrelation left by structured-only
models (RQ3), which is the main geomatics contribution of the workflow: the spatial lag turns district polygons and
neighbouring rents into a representation that a learner can use for unseen districts.

The text contribution was smaller than in earlier studies (Nowak and Smith 2017; Baur et al. 2023) and largely redundant
once location was modelled. Three features of the data plausibly explain this: descriptions are truncated at 253
characters, many repeat information already in the structured fields, and many mention the district or nearby landmarks,
which overlaps with geospatial context. A bag-of-n-grams representation may also under-use the text. Transformer
encoders such as AraBERT (Antoun et al. 2020) are a natural next step, but should be evaluated with the same grouped
design and masking, because the present results show that random validation inflates the apparent value of text.

6.3 Transferability and uncertainty
No model transferred well between cities (RQ4). The failure of the full model in Dammam illustrates the area-of-
applicability problem (Meyer and Pebesma 2021): relationships between rent, distance to centre and district size learned
in Riyadh and Jeddah do not hold in Dammam, a smaller market that forms part of a multi-city metropolitan area with Al-
Khobar and Dhahran. In practice, a model for a new city needs at least some local listings for recalibration. The conformal
analysis shows that marginal calibration can hide under-coverage in a particular city, here Jeddah, and that city-
conditional calibration corrects this at modest cost. Because conformal guarantees assume exchangeability, which
spatial dependence weakens, spatially adaptive variants (Mao et al. 2024) deserve evaluation in future work.

6.4 Limitations
The study has several limitations. First, the data are a single snapshot from January 2021; rents in Saudi cities have
changed since, so the models are not valid for current valuation and temporal validation was impossible. Second, the
target is the asking rent of advertised villas, which may differ systematically from contracted rents, and a few very high
values (nine listings at or above 500,000 SAR) may be mislabelled sale prices that the validity rules did not remove. Third,
geolocation is at district level only; within-district variation, street-level accessibility and points of interest could not be
represented. Fourth, the dataset contains no images, so the visual modality common in multimodal AVMs could not be
tested. Fifth, Dammam and Al-Khobar contribute few listings after de-duplication, which limits city-specific conclusions.
Sixth, hyperparameters were fixed rather than tuned in nested loops, so absolute accuracy may be slightly understated for
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the flexible models. Finally, the dataset licence does not permit redistribution of the raw records, so reproduction requires
downloading them from the original source.

7 Conclusion
This study examined an explainable multimodal GeoAI workflow for villa rents in four Saudi cities, with the evaluation
design treated as part of the research question. Three conclusions follow. First, duplicate listings and random partitioning
can turn a model with roughly 19% median error on unseen districts into one that appears to have under 2% error, so de-
duplication and grouped validation are prerequisites for credible AVM accuracy claims. Second, district-level geospatial
context, in particular a spatial lag of neighbouring district rents, reduced error by about one fifth for unseen
neighbourhoods and removed the spatial residual structure left by structured attributes, whereas truncated Arabic
descriptions added little once location was modelled. Third, models did not transfer reliably between cities, and city-
conditional conformal intervals were needed for calibrated uncertainty in every city. Future work should use transaction-
linked rents with dates, finer geolocation and imagery, evaluated with the same leakage controls.
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Figures

Figure 1

Study area. Districts with at least one listing in the analysis sample, shaded by median annual rent per m². The star marks
the city-centre point given in the gazetteer. District polygons: Homaily (n.d.).
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Figure 2

Workflow. Listings and the district gazetteer are harmonised, three feature modalities are constructed, and models are
assessed with an audit layer of validation designs, prediction intervals and diagnostics.

Figure 3

Accuracy of three models under four validation designs. Points are means over three seeds and bars show ±1 standard
deviation; leave-one-city-out has a single partition.

Figure 4

Change in MAE relative to structured-only gradient boosting under district-grouped validation, with 95% district-block
bootstrap intervals.
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Figure 5

District-mean residuals in Riyadh under district-grouped validation for structured-only boosting (left) and the full model
(right). Red indicates under-prediction and blue over-prediction; values are clipped at ±0.4 log units.

Figure 6
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Empirical coverage of marginal and city-Mondrian split-conformal intervals by city at nominal 90% (left) and 80% (right)
levels.

Figure 7

Global SHAP importance of the 14 most influential features of the full model, coloured by modality.
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