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Abstract—Review activity is the standard public proxy of
guest engagement on peer-to-peer accommodation platforms,
yet is modeled almost exclusively as count regression. This
study presents a three-level engagement classification of peer-
to-peer home-sharing in Latin America: 76,624 listings from
Buenos Aires, Santiago, and Mexico City, with tercile labels from
training folds only. A pre-specified, amendment-logged evidence
ladder of fifteen attempts plus three contingency campaigns
measures which interventions affect macro-averaged F1. A tuned
LightGBM over engineered features reaches average macro F1
0.8249, 23.0 points above the best cold-start result (0.5945);
a feature-level temporal audit lowers the deployable cold-start
reference to 0.5301, widening the gap to 29.5 points. Three
findings emerge. First, every full-scenario result lands in a narrow
band (0.81–0.83) that doubled budgets do not move: an observed
performance plateau within the evaluated feature and model
space. Second, Spanish text helps in the cold-start scenario (+2.4
points nominally, +5.3 over the audited strict set) but adds
little once review-derived features are present, and sparse lexical
vectors match dense multilingual E5 embeddings at far lower cost.
Third, an untuned tabular foundation model reaches 0.8205 under
a pre-specified 10,000-row context subsample. A clearly labeled
post-hoc re-evaluation at full context, outside the pre-specified
protocol, reaches 0.8266, the best average observed, which an
exploratory multi-resampling confirmation upholds in all twelve
paired comparisons. Ordinal metrics, per-class breakdowns, and
a Frank–Hall baseline locate the residual error in the middle
tercile; repeated outer resampling bounds selection optimism at
0.2–0.3 points.
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I. INTRODUCTION

Peer-to-peer (P2P) accommodation platforms publish,
through initiatives such as Inside Airbnb [1], one of the few
large-scale open records of digital marketplace activity. Within
these records, the number of reviews a listing accumulates is
the standard observable proxy of guest engagement and, indi-
rectly, of demand: reviews are strongly coupled to completed
stays, are visible to all market participants, and drive both
ranking and trust formation [2], [3], [4]. A large econometric
literature has therefore modeled review counts with Poisson,
negative binomial, and hurdle regressions across dozens of
cities [5], [6], [7], [8], while the machine learning literature

on these platforms has concentrated overwhelmingly on price
prediction [9], [10], [11], [12].

Between these two bodies of work lies a practical gap.
Hosts, platform operators, and municipal regulators rarely
need the exact expected count of future reviews; they need
to know whether a listing will attract low, medium, or high
engagement. Casting the problem as classification makes the
output directly actionable and enables evaluation with class-
sensitive metrics such as macro-averaged F1, which weight
the scarce high-engagement and zero-engagement listings as
heavily as the bulk of the market. Yet, to the best of our
knowledge, no published study reports macro F1, precision, or
recall for engagement classification on Inside Airbnb data from
Buenos Aires, Santiago de Chile, or Mexico City. The closest
antecedent we identified, Kirkos [13], classifies listings of a
single European city (Thessaloniki) into two classes split at the
mean of the engagement measure, a threshold that collapses the
heavy right tail typical of review-count distributions. Subroto
and Christianis [14] classify review ratings, a different target,
and report accuracy rather than macro-averaged metrics.

This study addresses that gap with a three-level engagement
classification of 76,624 listings across the three cities. The
contributions are twofold:

• Three-level engagement classification for Latin Amer-
ican home-sharing data. A distribution-aware target
with ordered labels built from per-fold training terciles
over 76,624 listings of Buenos Aires, Santiago, and
Mexico City, evaluated with macro F1, precision, and
recall under stratified five-fold cross-validation, com-
plemented post hoc by per-class breakdowns, ordinal
metrics, and a Frank–Hall ordinal baseline.

• A quantified assessment of which interventions af-
fect performance. A pre-specified, amendment-logged
evidence ladder of 15 executed attempts plus three
contingency campaigns (27,219 registered trials in 30
Optuna studies, of which 12,552 completed the full
five-fold evaluation) measures the marginal value of
Spanish text (sparse term frequency–inverse document
frequency (TF-IDF) vectors versus multilingual E5
embeddings), engineered features, out-of-fold stack-
ing, calibration, a zero-hurdle design, doubled search
budgets, and a tabular foundation model [15] evaluated
as a domain study in short-term rentals. The ladder
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converges to a stable, observed performance plateau
at macro F1 0.81–0.83 within the evaluated feature
and model space.

The study is organized around three research questions.

RQ1: what is the marginal value of the Spanish description
text, sparse versus dense (Section VII-C)?

RQ2: which contributes more, model-centric sophistication
or feature engineering (Section VII-D)?

RQ3: can a tuning-free tabular foundation model match
tuned gradient boosting at this scale (Sections VII-E
and VII-F)?

This article proceeds as follows. Section II reviews related
work, and Section III introduces the concepts and model
families the study builds on. Section IV describes the data and
the problem formulation. Section V details the methodology
and Section VI the experimental infrastructure. Section VII
reports results, Section VIII discusses them, and Section IX
concludes with limitations and future work.

II. RELATED WORK

Review counts on P2P platforms are heavily overdispersed
and zero-inflated, which has made count regression the dom-
inant tool. Biswas et al. [5] combine clustering with Poisson-
family regressions over home-sharing listings; Sengupta et al.
[6] use hurdle models over cities in four continents; Chen
et al. [7] link host online affinities to review volume; and
Zhan and Cheng [8] take a multimodal view of host identity.
Methodologically these works build on the classical count-
regression corpus [16], [17], and they assess fit on the count
scale rather than with class-sensitive classification metrics.

Classification studies are scarce. The closest peer-reviewed
antecedent, Kirkos [13], is a binary high/low split at the mean
for Thessaloniki, with correlation-based feature selection, the
synthetic minority oversampling technique (SMOTE), and 10-
fold cross-validation, reaching F-measure 0.792–0.835 with
random forests. Subroto and Christianis [14] predict high
versus low review ratings in Indonesia with tree ensembles
and neural networks, reporting accuracy up to 84.79%. Nei-
ther work is ordinal, multi-city, macro-averaged, nor Spanish-
language, and neither evaluates modern gradient boosting with
large-scale hyperparameter optimization (HPO).

Gradient-boosted decision trees (GBDTs), namely XG-
Boost [18], LightGBM [19], and CatBoost [20], remain the
reference for medium-sized tabular problems [21], [22], with
HPO contributing measurable but concentrated gains [23].
Tabular foundation models have recently challenged this dom-
inance: TabPFN v2 reports superiority over tuned GBDTs on
small datasets [15], and TabPFN-2.5 extends the applicable
range to 50,000 rows [24]. A rapidly growing wave of 2024–
2026 domain studies has since taken these models well beyond
generic benchmark suites, into materials informatics [25],
industrial-IoT intrusion detection [26], cheminformatics [27],
and clinical risk prediction [28]. These studies repeatedly
report an untuned foundation model competitive with, and in
small-sample or out-of-distribution regimes superior to, tuned
gradient boosting and other strong baselines. Home-sharing
datasets have appeared in generic tabular benchmarks, but

short-term rentals remain absent from this wave of domain
studies; we fill that gap. For ensembling, out-of-fold stacking
is the mechanism behind AutoGluon’s strong tabular results
[29].

Adding listing text improves price regression on home-
sharing listings [9], fusing structured listing attributes with
review text processed by natural language models nowcasts
neighbourhood change on the same platform [30], and bench-
mark studies show that stacking text representations onto
tabular features is the most reliable fusion strategy, while also
warning that word-level n-gram baselines remain difficult to
outperform [31]. Multilingual encoder families such as E5 pro-
vide mature embeddings for Spanish [32]. The marginal value
of Spanish-language listing text for engagement classification
remains unmeasured in this literature; our ladder quantifies it
in both a cold-start and a full-information scenario.

The dominant recipe in the P2P classification literature is
flat multiclass plus SMOTE [13]. Recent evidence questions
synthetic oversampling: for strong learners, class weights plus
calibrated thresholds match or beat SMOTE [33], [34]. Ordinal
structure can be exploited with cumulative binary decomposi-
tions [35], and zero inflation with two-stage hurdle designs
[36]. Our ladder evaluates class weighting, calibration with
tuned per-class thresholds, and a zero-hurdle stage empiri-
cally. The pre-specified attempts treat the task as flat three-
class classification; a post-hoc follow-up adds order-sensitive
metrics and a Frank–Hall baseline (Section VII-F). We follow
Demšar’s guidance [37] for paired comparisons.

III. THEORETICAL BACKGROUND

This section introduces the concepts the rest of the study
relies on: the construction of an ordinal target from counts,
macro-averaged evaluation, gradient-boosted decision trees,
large-scale hyperparameter optimization, tabular foundation
models, and the text representations fused with the tabular
features.

A. From Counts to an Ordinal Target

Review counts are non-negative, heavily overdispersed,
and zero-inflated, which is why they are classically modeled
with Poisson and negative binomial regression [16], [17]. An
alternative is to discretize the count into K ordered levels and
predict the level directly. When the cut points are quantiles of
the training distribution (here terciles, K = 3), the resulting
classes are near-balanced by construction and adapt to each
market’s distribution, unlike a split at the mean, which the
heavy right tail pulls upward. The levels retain a natural order
(low ≺ medium ≺ high); ordinal-aware learners can exploit
that order, for example through cumulative binary decompo-
sitions [35], although the problem can also be addressed with
standard (flat) multiclass classifiers, the route taken by the
executed attempts in this study. Zero inflation can additionally
be handled with two-stage hurdle designs that first separate
zero from non-zero outcomes [36].

B. Macro-Averaged Evaluation

For a class c, precision Pc is the fraction of listings
predicted as c that truly belong to c, recall Rc is the fraction
of listings of class c that the model recovers, and the per-class
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F1 is their harmonic mean. The macro-averaged F1 over K
classes,

F1macro =
1

K

K∑
c=1

2PcRc

Pc +Rc
, (1)

weights every class equally regardless of its support, so
scarce classes count as much as the majority class, which is
the property that motivates its use for engagement prediction,
where the extreme classes matter most. All scores are estimated
with stratified k-fold cross-validation, which partitions the data
into k folds, holds each fold out once for evaluation while
fitting on the remaining k − 1, and keeps every fold’s class
proportions close to the full sample’s. The resulting intervals
estimate the error of the fitting procedure rather than of one
fitted model [38], and paired nonparametric tests such as the
Wilcoxon signed-rank test compare two learners fold by fold
[37].

C. Gradient-Boosted Decision Trees

GBDTs build an additive ensemble of shallow decision
trees, each new tree fit to the gradient of the loss of the ensem-
ble built so far. XGBoost introduced regularized boosting with
second-order updates [18]; LightGBM accelerates training
with gradient-based sampling and leaf-wise tree growth [19];
CatBoost adds ordered boosting and native categorical treat-
ment [20]. On medium-sized tabular data these families remain
the reference against deep alternatives [21], [22]. Two standard
complements appear in this study: out-of-fold stacking, which
trains a meta-learner on cross-validated predictions of several
base families [29], and probability calibration followed by per-
class decision thresholds.

D. Hyperparameter Optimization

GBDT performance depends measurably on its hyperpa-
rameters, with gains that are real but concentrated in a few
of them [23]. Sequential model-based methods such as the
Tree-structured Parzen Estimator (TPE) model the mapping
from configuration to score and concentrate trials in promising
regions; Optuna implements TPE with pruning and shared
distributed storage [39], and asynchronous schemes such as the
Asynchronous Successive Halving Algorithm (ASHA) scale
the search to many parallel workers [40].

E. Tabular Foundation Models

A tabular foundation model is a transformer pre-trained
on large collections of synthetic tabular prediction tasks. At
inference it receives the training rows of a new dataset as
context and predicts the labels of test rows in a single forward
pass: in-context learning, with no per-dataset training or hy-
perparameter tuning. TabPFN v2 reports accuracy superior to
tuned GBDTs on small datasets [15], and TabPFN-2.5 extends
the usable context to about 50,000 rows [24], which makes the
approach applicable to corpora of the size studied here.

F. Text Representations for Tabular Fusion

Two standard families turn a free-text field into features.
Sparse lexical vectors weight word and word-pair occurrences
by TF-IDF, optionally compressed by truncated singular value
decomposition (SVD) into a low-dimensional dense represen-
tation. Dense semantic embeddings instead map the whole text
into a vector space with a pre-trained multilingual encoder such
as E5 [32]. Benchmark evidence indicates that concatenating or
stacking text representations onto tabular features is the most
reliable fusion strategy, and that word-level n-gram baselines
remain difficult to outperform [31].

IV. DATA AND PROBLEM FORMULATION

A. Corpus

The corpus consists of Inside Airbnb snapshots [1] pro-
cessed into per-city tables of 19 structured features plus the
review-count target, totaling 76,624 listings (Table I).

TABLE I. CORPUS STATISTICS PER CITY (REVIEW-COUNT TARGET)

City Listings Mean Var/mean Median Zeros Max

Buenos Aires 35,172 28.03 72.7 11 16.4% 992
Santiago 15,051 30.19 110.8 9 21.6% 1,227
Mexico City 26,401 52.58 130.1 21 12.8% 1,342

Total 76,624

The scrape dates are December 27, 2024 for Santiago,
January 29–February 2, 2025 for Buenos Aires, and June 25–
July 2, 2025 for Mexico City. Each city’s table therefore stems
from a single scrape window of at most eight days, and the
maximum cross-city offset is about six months; Section IV-B
analyzes the consequences of this timing. The three markets
differ in size and intensity: Mexico City shows the highest me-
dian engagement (21 reviews) and the heaviest tail (maximum
1,342), Santiago the highest zero share (21.6%), and Buenos
Aires the largest inventory (35,172 listings). Overdispersion is
extreme everywhere (variance-to-mean ratios between 72.7 and
130.1), which historically justified negative binomial modeling
[17], [16] and, for us, motivates a distribution-aware discretiza-
tion rather than a mean split.

From the raw snapshots we additionally exploit the Spanish
free-text description field of each listing to build the text
representations of Section V.

B. Three-Level Target

For each city, listings are assigned to three engagement
levels with a natural order (low, medium, high) by tercile
thresholds of the review count. Two safeguards prevent leakage
and preserve comparability. First, the thresholds used to label
validation data are always computed on the training portion of
each fold only. Second, cross-validation strata are fixed with
global terciles so that fold composition is identical across all
experiments. This design warrants clarification: fixing strata
with global terciles uses the target’s marginal distribution
(including test rows) only to balance fold composition (the
standard mechanism of stratified cross-validation, where strata
are by definition computed on the full sample), while every
threshold that produces labels for training or scoring derives
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from the training portion of the fold, so no labeling information
leaks into evaluation.

Terciles yield near-balanced classes while respecting the
heavy tail: unlike a mean split [13], the upper threshold
adapts to each market’s distribution. Table II reports the global
thresholds and the resulting class support: ties at small counts
pull the split away from a perfect 33/33/33, with the largest
deviation in Santiago (36.3% low class).

TABLE II. GLOBAL TERCILE THRESHOLDS AND CLASS SUPPORT PER
CITY

City Thresholds Low Medium High

Buenos Aires 4 / 25 12,351 (35.1%) 11,344 (32.3%) 11,477 (32.6%)
Santiago 3 / 22 5,462 (36.3%) 4,641 (30.8%) 4,948 (32.9%)
Mexico City 7 / 46 8,906 (33.7%) 8,767 (33.2%) 8,728 (33.1%)

Snapshot timing and comparability. Within each city, all
listings stem from one scrape window of at most eight days, so
no experiment mixes observation dates: every model is trained
and evaluated strictly within a single city’s snapshot. The
cross-city comparisons in this study are therefore descriptive
characterizations of each market at its snapshot moment, never
pooled fits. Because review counts are accumulated stocks and
the tercile thresholds are recomputed on each fold’s training
distribution, the class labels are largely invariant to snapshot
age. Projecting each listing’s count forward by its Inside
Airbnb reviews per month and relabeling with recomputed
terciles changes the class of only 1.7–4.0% of listings under
a one-month shift, and of 8.0–13.1% under an extreme six-
month shift. This first-order bound ignores listing entry and
churn between dates, in this sense, we read the snapshot-timing
sensitivity as limited but not zero.

C. The Cold-Start and Full Scenarios

An important circularity affects unrestricted feature sets:
several review-derived attributes (for example, review scores
or reviews per month) are only observable after engagement
materializes. We therefore evaluate every idea in two scenarios:
cold-start, restricted to the 14 structured features whose type
of information is, in principle, available when a listing is
created (though measured at the snapshot), and full, which
additionally includes the review-derived features and answers
the retrospective question of how well engagement can be
explained. Because a snapshot measurement can embed infor-
mation accumulated after creation, Table III audits each cold
feature by its documented mutability; Given the absence of
listing-creation timestamps in the available Inside Airbnb data,
absolute verification is not feasible, making mutability the most
appropriate criterion. Three dynamic, accumulation-prone fea-
tures (90-day availability, superhost status, host tenure) cannot
be verified as creation-time and define, by exclusion, a post-
hoc strict cold-start variant (Section VII-F). The nominal cold
scenario is thus an optimistic upper bound on deployment-time
prediction, the strict variant its audited counterpart, and the gap
between either and the full scenario quantifies the circularity,
itself a finding (Section VII).

D. Leakage Safeguards

Four safeguards protect the evaluation from optimistic bias.
First, early stopping is never evaluated on the test fold: each

TABLE III. TEMPORAL AUDIT OF THE 14 CREATION-TIME (COLD)
FEATURES

Tier Features Status

T1: structural,
fixed

bedrooms; room type; location ex-
actness

set by the property; re-
tained

T2: host-
editable, non-
accumulating

summary length; readability; title
superlatives; profile photo; amenity
count; nightly price; instant booka-
bility; identity verification

editable after creation but
do not mechanically accu-
mulate outcome informa-
tion; retained, with caveat

T3: dynamic,
accumulation-
prone

90-day availability; superhost sta-
tus; host tenure (at snapshot)

reflect bookings, review
history, or elapsed time;
removed in the strict vari-
ant

training fold reserves an internal validation split for it. Second,
the listing identifier is excluded from every feature matrix.
Third, a data audit revealed that the nightly price column,
nominally in USD, actually records local currency in all three
cities (medians ARS 39,908 in Buenos Aires, CLP 43,857 in
Santiago, and MXN 1,039 in Mexico City, with outliers up
to 2,632 times the median); the column was renamed and log-
transformed per city. Fourth, all label-dependent preprocessing
lives inside the per-fold pipeline, while two unsupervised
transforms are fit once per city (Section V).

V. METHODOLOGY

A. Overview

Fig. 1 summarizes the experimental design. Rather than a
single model comparison, we pre-specified an evidence ladder:
an ordered sequence of at most 15 attempts (numbered I01–I20
internally; executed attempts keep their original identifiers, so
the numbering is not contiguous), each testing one hypothesis,
with explicit evidence gates that may skip a planned attempt
when an earlier result renders it dominated. Fifteen attempts
were executed (I01–I08, I11–I13, I17–I20). I09 was skipped by
an evidence gate (Section V-C). I10 and I14–I16, together with
a planned Frank–Hall ordinal decomposition, were postponed,
not silently discarded, to a second wave by a logged priority
amendment when interim evidence placed them off the critical
path; the Frank–Hall decomposition was later executed as
post-hoc follow-up P3 (Section VII-F). The ladder closed
with fourteen of its fifteen slots consumed, because the failed
TabPFN run (I18) was re-executed manually without consum-
ing its slot (Section VII-E). The protocol was pre-specified
and amendment-logged rather than externally pre-registered.
The amendment record is part of the experimental record:
soft voting was replaced by out-of-fold stacking for I11, the
plan was cut to 15 attempts, and a designed expanded-search
phase was canceled. Three contingency campaigns outside
the ladder re-explored the most promising preparations with
doubled budgets.

B. Feature Preparations

All experiments consume pre-materialized feature matrices
(“preparations”), so that every attempt sees exactly the same
inputs. Starting from the structured attributes and the Spanish
description text, the following transformations define the seven
pre-specified preparations evaluated per city; the post-hoc strict
variants of Section VII-F are obtained from these by column
masking and require no new materialization:
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P2P home-
sharing corpus
BA 35,172 /
SCL 15,051

CDMX 26,401
listings

Ordinal target
3 levels (terciles,
per-fold train
thresholds)

Feature
preparations
cold / full /
+TF–IDF /
+E5 / full v2

Distributed HPO
(Optuna TPE search)

Evidence ladder
15 executed attempts
+ 3 contingency runs

evidence
gates

Stratified 5-fold CV
macro F1 / Pre-
cision / Recall

Best models
per city

30 HPO studies
27,219 registered

trials

Fig. 1. Experimental pipeline: Three-level target construction, feature
preparations, distributed hyperparameter search, evidence-gated attempt

ladder, and evaluation.

1) Cold: the 14 creation-time structured features, covering
listing structure (bedrooms, room type, amenity count), host
attributes (superhost status, identity verification, profile photo,
tenure in months), surface signals of the announcement text
(summary length, readability, superlatives in the title), location
exactness, instant bookability, 90-day availability, and the
nightly price, log-transformed per city after the currency audit
of Section IV-D;

2) Full: all 19 structured features, adding the five review-
derived attributes: the overall review score and four aggregate
signals of the received reviews (mean positive and negative
sentiment, and the rates of certainty- and cognition-related
words); this is the retrospective scenario;

3) Cold tfidf: / full tfidf the corresponding structured set
concatenated with a sparse lexical representation of the de-
scription: each text is stripped of markup, lowercased, and
accent-normalized, then vectorized with TF-IDF over word
unigrams and bigrams (vocabulary capped at 20,000 terms,
discarding terms appearing in fewer than five documents),
and the resulting sparse matrix is reduced to its 100 leading
components by truncated SVD, so the text contributes 100
dense columns. The TF-IDF/SVD transform is fit once per city
on all rows (an unsupervised, label-free fit shared identically
by every attempt), not refit inside each training fold; a post-
hoc in-fold refit bounds the resulting optimistic bias at +0.1 to
+0.4 points of average macro F1, up to +0.7 in a single city
(P6, Section VII-F);

4) Cold e5: / full e5 the corresponding structured set
concatenated with a dense 384-dimensional multilingual-E5-
small sentence embedding [32] of the same cleaned description
(398 and 403 total columns);

5) Full v2: the richest preparation (137 columns), extend-
ing full tfidf with 18 engineered columns in six groups: G1,
amenity counts parsed from the raw amenities list (a total
count plus five thematic groups: safety, kitchen, workspace,
climate, and comfort); G2, word counts of the host profile
and the listing title; G3, three physical-capacity attributes
recovered from the raw listings file (guests accommodated,
bathrooms, beds); G4, three activity attributes from the same
file (minimum nights, annual availability, and the host’s total
listing count); G5, two geospatial descriptors: the haversine

distance to the city center, and the neighbourhood’s listing
count, a frequency encoding that replaces the high-cardinality
neighbourhood attribute rather than one-hot expanding it, in
line with evidence on encodings for high-cardinality categori-
cals [41]; and G6, the audited nightly price as a per-city log
transform plus its standardized version (fit, like TF-IDF/SVD,
once per city). The group labels G1–G6 are reused by the
ablation of Section VII-F.

Across the three cities, materialization produced 33 matrix
files in total: the per-city feature matrices above, the label
vectors, and the intermediate text representations.

C. Model Families and Ladder Attempts

The ladder covers four GBDT families (HistGradientBoost-
ing, XGBoost [18], LightGBM [19], and CatBoost [20]),
evaluated first in the cold scenario (I01–I04), after which
the strongest family (LightGBM) carries the feature-centric
attempts: full (I05), text fusion (I06–I08), and engineered
features (I13). Model-centric attempts then compose on the
best preparation: out-of-fold stacking of four families with a
logistic meta-learner (I11, I19) in the spirit of AutoGluon [29];
probability calibration with per-class decision thresholds tuned
on an internal split (I12, I20); a zero-hurdle design chaining
a zero-versus-rest classifier with the three-level model (I17)
[36]; and TabPFN as a tuning-free foundation-model contender
on GPU with context subsampling to 10,000 rows (I18) [15],
[24]. Class weighting is a per-city policy decided on evidence,
and SMOTE is deliberately excluded from the main ladder
following [33], [34].

One evidence gate fired during execution: after dense
E5 embeddings underperformed sparse TF-IDF in the cold
scenario in all three cities (I08 versus I06; per-city deltas
−0.51, −0.36, and −0.15 points, consistent in direction but
comparable to per-fold dispersion, Section VII-C), the planned
full-scenario E5 attempt (I09) was skipped as dominated; the
decision is logged in the experimental record. The gate’s
economic logic is that the expected value of I09 was low
(text of any kind adds at most +0.25 points in the full
scenario, Section VII-C), while full+E5 is the most expensive
preparation to search; we acknowledge that TF-IDF dominance
in the full scenario is an extrapolation from the cold scenario,
not a measurement. This is precisely the scenario against which
Shi et al. [31] warn: n-gram baselines remain difficult to
outperform.

D. Class Imbalance Policy

Tercile labeling yields near-balanced classes (Table II), but
residual imbalance interacts with each market differently. Class
weighting is therefore treated as a per-city, evidence-driven
policy rather than a global switch: balanced weights added
0.5–1.3 points in the Buenos Aires and Santiago cold studies
but were neutral to negative in Mexico City, and in the full-
scenario Santiago studies the entire top-10 was unanimously
unweighted. Synthetic oversampling is excluded from the main
ladder on the strength of recent evidence that it does not
help well-tuned strong learners and can distort calibration
[33], [34]; the ladder instead evaluates the calibration-plus-
thresholds route explicitly (I12, I20).
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E. Hyperparameter Optimization

Each distributed attempt runs an Optuna [39] study per city
under a fixed nominal trial budget (doubled in the contingency
campaigns), combining a random exploration stage with TPE
exploitation, coordinated through a central PostgreSQL storage
and executed by 72 concurrent single-threaded workers, a
massively parallel regime in the spirit of ASHA [40]. Search
spaces follow the tunability literature [23], with targeted
widenings applied only where earlier studies pressed top-10
configurations against a bound: the iteration cap was raised
to 1,200 with a learning-rate floor of 0.003, XGBoost depth
extended to 16, and CatBoost switched to lossguide growth
for Mexico City only. Log-scaled parameters never saturated
their ranges, so no blanket widening was applied.

F. Evaluation Protocol

Every configuration is scored by stratified five-fold cross-
validation with macro F1 as the objective and macro precision
and macro recall also recorded. Fold strata derive from global
terciles; label thresholds from the training portion of each fold
(Section IV). We report cross-validation point estimates with
their fold dispersion, mindful that such intervals estimate the
procedure’s error rather than a single model’s [38].

For the key attempt-level comparisons we additionally re-
port two-sided exact Wilcoxon signed-rank tests over the fifteen
paired fold scores (five folds × three cities; fold composition
is identical across attempts by design), computed from the
recorded per-fold scores, with Holm adjustment across the four
comparisons reported in Table V [37]. Two caveats make these
tests supporting rather than confirmatory evidence: they are
post hoc (the confirmatory 10×3-fold protocol contemplated in
the pre-specification was not executed), and fold scores within
a city share training data, so the fifteen pairs are not fully
independent. A paired comparison against the TabPFN attempt
is omitted from Table V: its per-fold scores stem from a manual
re-run outside the orchestrated pipeline (Section VII-E).

The same five-fold cross-validation serves both as the
search objective that selects configurations and as the reported
score, which introduces selection optimism into per-attempt
nominal figures. Rather than nested cross-validation (infeasible
at the scale of 27,219 registered trials), the study controls this
with repeated outer resampling: four fresh fold shuffles re-
evaluate the winning configurations held fixed, bounding the
optimism at 0.2–0.3 points of macro F1 (Section VII-F).

For the best configurations, per-class precision, recall,
and F1, confusion matrices, and order-sensitive metrics were
obtained through a deterministic re-evaluation on identical
folds (Section VII-F); the order-sensitive set comprises mean
absolute error on class indices (low = 0, medium = 1, high
= 2), quadratic weighted kappa, and the rate of two-level
(low↔high) errors. However, these metrics did not guide any
configuration selection.

VI. EXPERIMENTAL SETUP

Experiments ran on a small heterogeneous cluster of
commodity machines joined over a private overlay network:
x86-64 Linux servers (one hosting the hyperparameter-search
coordinator and one contributing a single consumer-grade GPU

for TabPFN), together with Apple Silicon macOS nodes, one
of which orchestrates the evidence ladder. Cross-architecture
numeric discrepancy was measured at roughly 0.001 macro F1
or below (a paired re-execution reproduced a stacking attempt
to within 0.0001; the revision-stage re-evaluation campaign
observed a single fold at 0.0011), well under per-city fold
dispersion (0.003–0.013).

All searches followed the same simple scheme: every
attempt received an identical nominal trial budget, and the
three contingency campaigns doubled it. A central registry
recorded every trial; a few studies deviated from the nominal
budget for operational reasons, and those deviations are part
of the recorded experimental record. Only a fraction of the
registered trials completed the full five-fold evaluation; the
rest were pruned early, the expected behavior of a massively
parallel search. Table IV reports the configuration and outcome
of every attempt and contingency campaign.

Two operational observations shaped the program. Compu-
tational cost is dominated by the feature representation rather
than the learner: text-based preparations are several times
more expensive per trial, and the low-signal cold scenario
pushes the search toward larger trees, raising its cost further.
Across model families, CatBoost carried a substantial training
premium over LightGBM while also ranking last among the
four families, an operational argument, alongside accuracy, for
adopting LightGBM as the default learner.

VII. RESULTS

A. Overview of the Evidence Ladder

Table IV and Fig. 2 present the complete ladder, now with
fold-level dispersion, and Table V the paired statistical compar-
isons. The nominally best pipeline is attempt I13 (LightGBM
with HPO over the engineered full v2 preparation), with an
average macro F1 of 0.8249 (Buenos Aires 0.8223, Santiago
0.8227, Mexico City 0.8299; averages here and throughout
are computed on unrounded per-city values). Its +0.25-point
margin over the previous leader I07 is smaller than the typical
per-fold dispersion (0.003–0.013) but consistent in direction
(12 of 15 paired folds; exact Wilcoxon p = 0.013, sitting
exactly at the 0.05 boundary after Holm adjustment). We
therefore describe I13 as the best attempt only nominally,
within the fold-level variability of its closest competitors. The
accurate summary is not that I13 separated from the field, but
that no attempt did. The fifteen executed attempts plus three
contingency campaigns converge to a plateau at 0.81–0.83,
discussed below.

Fig. 3 details the per-city results: the cold-to-full gap
dwarfs every within-full difference in all three markets, and
the per-city bests within the pre-specified program are 0.8223
(Buenos Aires, I13), 0.8261 (Santiago, contingency C2), and
0.8299 (Mexico City, I13). The Santiago figure requires care
with fold noise: C2’s 0.8261 is statistically indistinguishable
from I05’s 0.8232 on the same folds (fold std 0.010–0.013;
exact Wilcoxon on the five Santiago folds, p = 0.19), so we
do not read it as evidence that doubling the budget helped.

B. The Cold-Start Gap as a Measure of Circularity

The distance between the best cold-start attempt (I03, aver-
age 0.5945) and the best full-scenario attempt (I13, 0.8249) is
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TABLE IV. EVIDENCE LADDER: CONFIGURATION, AVERAGE MACRO F1
OVER THE THREE CITIES, AND FOLD DISPERSION σ̄ (MEAN OVER CITIES

OF THE PER-FOLD STD). ROWS FOLLOW EXECUTION ORDER. BOLD =
BEST PRE-SPECIFIED THREE-CITY AVERAGE. C1–C3 REPORT THE Target

City’s MACRO F1, NOT A THREE-CITY AVERAGE (THEIR σ̄ IS THAT
CITY’S FOLD STD); ITALICS = SANTIAGO PER-CITY BEST WITHIN THE

PRE-SPECIFIED PROGRAM. POST-HOC ANALYSES ARE REPORTED
SEPARATELY IN TABLE VII (SECTION VII-F)

ID Model / idea Preparation Macro F1 σ̄

I01 HistGB cold 0.5881 .0056
I02 XGBoost cold 0.5934 .0056
I03 LightGBM cold 0.5945 .0056
I04 CatBoost cold 0.5848 .0063
I05 LightGBM full 0.8199 .0075
I06 LightGBM cold tfidf 0.6136 .0063
I07 LightGBM full tfidf 0.8224 .0058
I08 LightGBM cold e5 0.6102 .0068
I09 (skipped by E5 gate) full e5 — —
I11 Stacking OOF (4 fam.) full tfidf 0.8209 .0063
I12 Calibration + thresholds full tfidf 0.8145 .0072
I17 Zero-hurdle full tfidf 0.8190 .0050
I13 LightGBM + new features full v2 0.8249 .0047
I18 TabPFN (10k rows)∗ full v2 0.8205 .0062
I19 Stacking OOF (global) full v2 0.8238 .0054
I20 Final calibration full v2 0.8186 .0060

C1 Conting. BA (1,440 trials) full tfidf 0.8178 .0040
C2 Conting. CL (1,440 trials) full 0.8261 .0101
C3 Conting. MX (1,440 trials) full tfidf 0.8271 .0047
∗I18 failed in the orchestrator and was re-executed manually on the
GPU node; its metrics stem from that manual run (Section VII-E).

TABLE V. EXACT WILCOXON SIGNED-RANK TESTS OVER THE 15
PAIRED FOLD SCORES (5 FOLDS × 3 CITIES); EXPLORATORY, POST HOC

(SECTION V-F)

Comparison ∆F1 (pts) Folds won p p (Holm)

I07 vs. I05 (text on full) +0.25 11/15 0.073 0.096
I13 vs. I07 (features vs. text) +0.25 12/15 0.013 0.050
I13 vs. I05 (features on full) +0.51 13/15 0.015 0.050
I06 vs. I08 (TF-IDF vs. E5, cold) +0.34 11/15 0.048 0.096
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Fig. 2. Average macro F1 of each ladder attempt. Cold-start attempts
saturate near 0.61; full-scenario attempts form a plateau at 0.81–0.83, with

I13 (0.8249) the nominal best.

23.0 points of macro F1 (this is the definition used throughout;
the distance from I03 to the center of the 0.81–0.83 plateau
is about 22.5 points). The nominal cold set is, moreover, an
optimistic upper bound: under the audited strict variant (P4/P5,
Section VII-F) the best cold-start average drops to 0.5301 and
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Fig. 3. Macro F1 per city for the key LightGBM configurations (cold I03,
full I05, full+TF–IDF I07, full v2 I13).

the gap widens to 29.5 points, so the circularity is larger, not
smaller, than the pre-specified figure suggests.

This is the study’s central substantive finding: review-
derived features explain engagement retrospectively to a de-
gree no creation-time feature set approaches, quantifying the
circularity that is unavailable to any deployment-time predictor.
Cold-start hyperparameter search is also saturated: all eighteen
cold studies (six cold attempts × three cities) show top-1 to
top-20 gaps below 0.003, and HPO adds only 1.0–1.6 points
over defaults, so the cold-start frontier is unlikely to advance
through additional search alone; new signal is required.

C. Marginal Value of the Spanish Description Text (RQ1)

Table VI isolates the text question, now with per-fold
dispersion. Spanish descriptions vectorized with TF-IDF/SVD
lift the cold scenario in all three cities: Buenos Aires 0.5720
to 0.5877 (+1.6 points), Santiago 0.5958 to 0.6198 (+2.4),
and Mexico City 0.6157 to 0.6333 (+1.8). Each gain is a
multiple of the corresponding fold std, empirical evidence
that Spanish listing text carries engagement signal. In the full
scenario the same fusion adds only +0.25 points on average
(I07 = 0.8224 versus I05 = 0.8199; Mexico City +0.70, Buenos
Aires +0.17, Santiago −0.12), a margin comparable to fold-
level variability and not statistically distinguishable (p = 0.073
uncorrected, Table V), indicating that review-derived features
already subsume most of the text’s semantic content. Dense
multilingual E5 embeddings underperformed sparse TF-IDF
in all three cities in cold (I08 = 0.6102 versus I06 = 0.6136;
per-city deltas −0.51, −0.36, −0.15 points). The embeddings
demand roughly four times more computation and 384 rather
than 100 dimensions, and the direction is consistent but the
margin is within fold noise (p = 0.048 uncorrected, 0.096 after
Holm). The operative conclusion is therefore cost-based: for
short Spanish listing descriptions the low-cost n-gram baseline
performs at least as well at a fraction of the computational
cost, exactly the outcome benchmark studies caution about
[31], and the evidence gate consequently skipped the full-
scenario embedding attempt. The text block also places the best
observed cold-plus-text performance at about 0.61: whatever
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TABLE VI. PER-CITY MACRO F1 (MEAN AND PER-FOLD STD) OF THE
TEXT-FUSION ATTEMPTS (LIGHTGBM)

Cold-start scenario Full scenario

City cold +TF-IDF +E5 full +TF-IDF full v2
(I03) (I06) (I08) (I05) (I07) (I13)

Buenos Aires 0.5720 0.5877 0.5826 0.8168 0.8185 0.8223
fold std ±.002 ±.004 ±.004 ±.006 ±.004 ±.003

Santiago 0.5958 0.6198 0.6162 0.8232 0.8220 0.8227
fold std ±.010 ±.010 ±.009 ±.013 ±.009 ±.008

Mexico City 0.6157 0.6333 0.6318 0.8197 0.8267 0.8299
fold std ±.004 ±.005 ±.007 ±.004 ±.004 ±.003

Average 0.5945 0.6136 0.6102 0.8199 0.8224 0.8249

separates cold-start prediction from the 0.82 plateau is not
recoverable from listing descriptions alone within the evaluated
representations. An in-fold refit of the text transform (P6,
Section VII-F) bounds the optimistic bias of the shared global
fit at +0.16 to +0.66 points per city in this scenario (average
+0.43), well below the text gains, so those gains are not
artifacts of the global fit, although in-fold the sparse–dense
margin itself becomes statistically indistinguishable.

D. Model-Centric Attempts and the Plateau (RQ2)

Every model-centric attempt scored at or below the tuned
single LightGBM: four-family out-of-fold stacking 0.8209
(I11) and 0.8238 (I19); calibration with tuned per-class thresh-
olds 0.8145 (I12) and 0.8186 (I20); the zero-hurdle chain
0.8190 (I17). Only the feature-centric attempt moved the fron-
tier nominally: full v2’s engineered columns took 0.8224 to
0.8249 and produced the best per-city results in Buenos Aires
and Mexico City. A leave-one-group-out ablation attributes
that gain (Table IX, Section VII-F): every group contributes
a sub-point share, with the activity block G4 the largest and
most consistent. The result carries the statistical caveat of
Section VII-A, and the top of the plateau is statistically flat
(I13 versus I19: p = 0.095). Doubling the HPO budget did
not improve results either: the doubled-budget Buenos Aires
contingency reached 0.8178, below the city’s standard-budget
best, and the Santiago contingency’s nominal best is within
fold noise (Section VII-A). The convergence is broad. All 30
full-scenario per-city results land inside 0.8114–0.8299: the
winners of the 12 full-scenario search studies (I05, I07, I13
and the three contingency campaigns) plus the 18 per-city
evaluations of the remaining full-scenario attempts (I11, I12,
I17, I18, I19, I20). We read this as an observed performance
plateau within the evaluated feature and model space rather
than as under-search; these experiments alone cannot attribute
the plateau to the data, the feature representation, or the model
class.

E. TabPFN Under the Pre-Specified Protocol (RQ3)

TabPFN with a 10,000-row context subsample and no
tuning reached an average macro F1 of 0.8205 on a single
consumer-grade GPU. This is within 0.5 points of the tuned
LightGBM, above the calibration and hurdle attempts, and
marginally below both stacking attempts (I11 0.8209, I19
0.8238), at a small fraction of the computational cost of the
tuned pipelines. Its best city was Santiago (0.8260, essentially

matching that city’s best within the pre-specified program,
0.8261). One procedural caveat applies: I18 initially failed
inside the orchestrator and was re-run manually on the GPU
node; its metrics come from the manual run rather than
the orchestrated per-trial pipeline. Under the pre-specified
subsample, the conclusion was: competitive without tuning at
a fraction of the cost, but not superior to a well-tuned GBDT.

F. Post-Hoc Analyses

We analyze P1/P2 shortly after its closure, and P3–P7,
the ablation, and the resampling extension during revision.
They are exploratory follow-ups outside the evidence ladder,
and are reported apart from the pre-specified attempts (in
Tables VII–IX rather than Table IV) to keep the two levels
of evidence distinct. All follow-up analyses employ the fixed
winning configurations and adhere to the same evaluation
protocol, using identical folds except in cases where new
resampling is explicitly required. When a follow-up analysis
reassesses a previously registered attempt, the reproduced fold-
level scores agree with the original registered values within a
maximum deviation of 0.0011. The pre-specified conclusion
regarding TabPFN remains unchanged from that established
in Section VII-E.

1) Full-context TabPFN (P1) and multi-resampling confir-
mation (P2): A post-hoc follow-up (P1) removed the context
subsample (all three cities fit within TabPFN-2.5’s 50,000-row
context), with the same protocol and data. It reached macro
F1 0.8238±0.0037 (Buenos Aires), 0.8273±0.0103 (Santi-
ago), and 0.8287±0.0026 (Mexico City), averaging 0.8266
(Table VII). This is the best three-city average observed in the
study (the best pre-specified attempt, I13, reached 0.8249) and
the best per-city result in Buenos Aires and Santiago. A multi-
resampling confirmation (P2) then re-evaluated both sides
under four fresh cross-validation resamplings (fresh fold shuf-
fles, with every model configuration held fixed): full-context
TabPFN averaged 0.8268±0.0004 against 0.8234±0.0005 for
the program’s best per-city LightGBM configurations, winning
all twelve city–resampling pairs (mean margin +0.0034).
The exercise also quantifies selection bias: the tuned config-
urations lose ≈0.3 points under resamplings other than the
one on which they were selected (0.8261 → 0.8234), while
the untuned foundation model is unaffected. At full context,
TabPFN therefore consistently outperforms the program’s best
tuned GBDT configurations under fresh resampling; the earlier
conclusion that it was not superior was an artifact of the
context subsample. The finding remains post hoc, on a single
corpus, and against fixed (not re-tuned per resampling) com-
petitor configurations, consistent with the size regime reported
by [15], [24].

2) Evaluation of selection optimism through repeated outer
resampling: The four fresh resamplings of P2 were extended
to the key tuned attempts, every configuration held fixed: I05
falls from 0.8199 (selection folds) to 0.8179 (fresh-resampling
mean), I07 from 0.8224 to 0.8197, and I13 from 0.8249
to 0.8232 (between-resampling std 0.0004–0.0005). Selection
optimism is therefore bounded at 0.2–0.3 points of macro F1
for every headline configuration, no corrected value leaves the
0.81–0.83 band, and the attempt ranking is unchanged: the
plateau is not an artifact of selecting and reporting on the
same folds.
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TABLE VII. POST-HOC ANALYSES, OUTSIDE THE PRE-SPECIFIED
PROTOCOL (SECTION VII-F): FULL-CONTEXT TABPFN PER CITY (P1)

AND MULTI-RESAMPLING CONFIRMATION (P2)

P1: full-context TabPFN (5-fold CV) Macro F1 fold std

Buenos Aires 0.8238 .0037
Santiago 0.8273 .0103
Mexico City 0.8287 .0026
Average 0.8266

P2: four fresh resamplings (mean over cities) Macro F1 std

TabPFN, full context, untuned 0.8268 .0004
Best tuned LightGBM configurations (fixed) 0.8234 .0005

P2: TabPFN wins 12 of 12 city–resampling pairs; mean margin +0.0034.

TABLE VIII. POST-HOC ORDINAL METRICS AND PER-CLASS F1,
THREE-CITY AVERAGES (MAE: MEAN ABSOLUTE ERROR ON CLASS

INDICES; QWK: QUADRATIC WEIGHTED KAPPA; e2 : RATE OF
TWO-LEVEL ERRORS)

Macro F1 MAE QWK e2 (%) F1 per class

Configuration low medium high

I03 (cold) 0.5945 0.460 0.581 6.16 0.690 0.445 0.649
I05 (full) 0.8199 0.177 0.869 0.06 0.909 0.721 0.829
I07 (full tfidf) 0.8224 0.175 0.871 0.06 0.907 0.725 0.835
I13 (full v2) 0.8249 0.173 0.873 0.05 0.907 0.729 0.838
P3 Frank–Hall 0.8232 0.174 0.872 0.04 0.907 0.727 0.836
P1 TabPFN full∗ 0.8263 0.170 0.875 0.04 0.908 0.730 0.841
∗From the persisted re-evaluation; differs from Table VII by 0.0003
(TabPFN GPU inference is not bit-reproducible; fold-level deltas ≈0.002).

3) Ordinal evaluation and per-class error (P3): Table VIII
reports order-sensitive metrics and per-class F1 for the key con-
figurations, computed from persisted out-of-fold predictions on
identical folds. Two facts stand out.

a) First, the flat multiclass models already respect the
label order: in the full scenario, two-level (low↔high) errors
affect only 0.04–0.06% of listings and quadratic weighted
kappa is about 0.87, so misclassifications are overwhelmingly
between adjacent levels. In the cold scenario the two-level error
rate rises to 6.2%, quantifying in ordinal terms how much
harder deployment-time prediction is.

b) Second, a genuine ordinal classifier does not improve
on the flat approach: The Frank–Hall decomposition (P3),
run with I13’s LightGBM configuration on full v2, averages
0.8232, inside the plateau and slightly below I13 (exact
Wilcoxon over the fifteen paired folds, p = 0.003, I13 wins
12 of 15), with ordinal metrics indistinguishable from I13’s.

c) The per-class breakdown answers which tier con-
centrates the residual error: the middle tercile, at F1 about
0.72–0.73 in the full scenario against 0.91 (low) and 0.84
(high), consistently across cities and model classes; in the
cold scenario the middle tercile falls to 0.44. The confusion
matrices confirm that the extreme classes, the actionable ones
for platform operators, are recovered far more reliably than
macro F1 alone suggests.

4) Feature-group ablation and attribution: A leave-one-
group-out ablation on full v2 re-evaluates I13’s fixed config-
uration after removing each engineered feature group defined
in Section V-B, using identical folds (Table IX). The observed
gain is distributed across feature groups: each group con-
tributes to performance, all six ablations produce drops below

TABLE IX. POST-HOC LEAVE-ONE-GROUP-OUT ABLATION OF
FULL V2’S ENGINEERED GROUPS (I13 CONFIGURATION FIXED;

THREE-CITY AVERAGE; EXACT WILCOXON OVER 15 PAIRED FOLDS,
HOLM-ADJUSTED)

Removed group Macro F1 ∆ (pts) Folds lost p (Holm)

G1 amenities (6) 0.8227 −0.22 10/15 0.037
G2 word counts (2) 0.8223 −0.26 12/15 0.006
G3 capacity (3) 0.8231 −0.18 13/15 0.037
G4 activity (3) 0.8204 −0.45 15/15 0.0004
G5 geospatial (2) 0.8229 −0.20 11/15 0.041
G6 price (2) 0.8226 −0.23 11/15 0.021

All 18 (control) 0.8196 −0.53 — —

one macro-F1 point, and all remain statistically significant
after Holm correction at the 0.05 level (with the weakest at
p = 0.041). The G4 activity block (minimum nights, annual
availability, and host listing count) emerges as the largest and
most consistent contributor (−0.45 macro-F1 points, with a
performance decrease in all 15 folds and a Holm-adjusted
p = 0.0004); removing all 18 engineered features reduces the
resulting macro-F1 score to 0.8196.

The feature-attribution analysis yields a consistent pattern:
LightGBM gain importances, recomputed independently for
each fold, rank the review-derived features highest, followed
by instant bookability, 90-day availability, and amenity count,
while minimum nights and host listing count, both from G4,
rank as the most influential engineered features.

Feature importances remain stable across folds (mean
Spearman correlation = 0.80; top-15 Jaccard similarity = 0.86)
and show moderate consistency across cities (mean Spearman
correlation = 0.53), lending support to this interpretation
despite the relatively small effect sizes. All ablated variants
retain I13’s original hyperparameters, a conservative design
choice that may slightly overestimate the performance loss
associated with removing each feature group.

5) Strict cold-start after the temporal audit (P4, P5): Re-
running the cold-start attempts without the three T3 features
of Table III (frozen configurations, identical folds) lowers I03
from 0.5945 to 0.5301 (P4; per city 0.5175, 0.5324, 0.5405)
and I06 from 0.6136 to 0.5762 (P5). The deployable cold-start
reference is therefore roughly 0.53–0.58, and the circularity
gap of Section VII-B widens to 29.5 points. Notably, the
marginal value of the Spanish description grows once the
dynamic features are removed: text adds +4.0, +4.5, and
+5.3 points per city over the strict structured set, versus
+1.6 to +2.4 nominally. Where dynamic snapshot signals are
unavailable, the listing text carries correspondingly more of
the recoverable signal. A moderate verification search over the
original hyperparameter space (TPE, seed 42; 50 and 35 fresh
trials per city on the strict preparations) confirms the frozen-
configuration figures: its best scores differ from them by −0.2
to +0.5 points per city, so the strict drop is not an artifact of
inherited hyperparameters and the widened gap stands.

6) Quantifying the global-fit bias (P6): Refitting the TF-
IDF/SVD transform (and full v2’s standardized log price)
inside each training fold, with winning configurations frozen,
bounds the optimistic bias of the shared global fit: the globally
fitted scores exceed their fold-wise refitted counterparts by
0.43 points of macro F1 on average for I06 (cold tfidf; per
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Fig. 4. Post-hoc learning curves (P7): Macro F1 of I13’s fixed configuration
trained on stratified fractions of each training fold (identical folds, seed 42).

The curves decelerate but do not fully flatten.

city 0.16, 0.66, 0.47), by 0.29 for I07, and by 0.10 for
I13, the last within fold noise (exact Wilcoxon p = 0.30).
The E5 attempt I08, whose embeddings require no corpus-
level fitting, reproduces its registered scores exactly (fold-level
delta = 0.000), providing an internal validation of the refitting
procedure. The estimated bias is therefore several times smaller
than the performance gains attributed to text features in the
cold scenario and negligible in the full scenario: none of
the internal model comparisons or conclusions regarding the
performance plateau are altered, and the absolute cold-scenario
text scores exhibit at most 0.66 macro-F1 points of optimistic
bias in the most affected city–attempt pair (0.43 on three-city
average). The refit does temper one comparison: under fold-
wise refitting, sparse TF-IDF and dense E5 no longer exhibit
a statistically significant difference (three-city averages 0.6093
versus 0.6102; exact Wilcoxon over the fifteen paired folds,
p = 0.49), so the sparse-versus-dense preference rests on cost,
not accuracy.

7) Learning curves (P7): Fig. 4 evaluates I13’s fixed
configuration across stratified fractions of each training fold.
The curves exhibit a marked deceleration, with progressively
smaller gains as the training-set size increases, but have not yet
fully flattened at the current sample sizes. The final quarter of
the available training data still yields gains of approximately
0.5–0.8 macro-F1 points, depending on the city, and the
observed trend suggests that a further doubling of the training
data would yield an improvement of at most approximately
one macro-F1 point. Sample size therefore remains a relevant
dimension of the evaluated space: the plateau identified in
Section VII-D should be interpreted as specific to the current
corpus and sample size, and additional listings, similarly to
the incorporation of new feature sources, may still produce
measurable performance gains.

G. Operational Findings

CatBoost carried a substantial per-study training-cost pre-
mium over LightGBM and ranked last among the four families
in cold (0.5848), relegating it to a diversity source for stacking.
Santiago shows 2–3 times the fold variance of the other cities
(standard deviations 0.008–0.013; fold range 0.807–0.841 in
I05), so sub-point deltas there are not meaningful and all

Santiago comparisons require per-fold pairing. Mexico City
is the most expensive market to search when text is present,
while the compact full preparation is by far the cheapest to
search.

VIII. DISCUSSION

1) Interpretation of the plateau: The convergence of all
30 full-scenario per-city results (from heterogeneous families,
preparations, ensembles, and budgets) into a two-point band
around macro F1 0.82 constitutes an observed performance
plateau within the evaluated feature and model space, stronger
evidence than any single result.

These experiments cannot identify where the limit lies: in
the information the data carry, in the feature representation, or
in the model classes evaluated.

The ladder itself probes the representation axis as a feature-
addition sequence (full 0.8199, full tfidf 0.8224, full v2
0.8249), where each added block contributes at most +0.25
points, a pattern of diminishing returns that maps the evaluated
space without exhausting it. Within the pre-specified program
no learning curves or label-noise bounds were computed, and
the convergence of correlated tree ensembles on near-identical
features could reflect a limit of this model class and feature
resolution as much as one of the data. That TabPFN, a different
model class, lands in the same band (indeed at its top in
the post-hoc full-context follow-up, 0.8266; Section VII-F)
narrows, though does not settle, the question.

If the limit does lie in the data, the residual error is
plausibly dominated by information the platform snapshot does
not contain (pricing dynamics, availability windows, exter-
nal seasonality, off-platform demand shocks), an explicitly
untested hypothesis. For practitioners the reframing stands
either way: the next point of macro F1 is more likely to come
from new data sources or richer representations than from
additional compute over the current ones.

The post-hoc learning curves sharpen the reading: they
decelerate strongly yet still rise at full data (P7, Section VII-F),
so sample size remains an open axis alongside representation
and model class.

The plateau also serves as a calibration reference for the
field, since no comparable published figures exist for this
formulation (Section II).

2) Feature engineering over model-centric refinement:
The only intervention that moved the frontier, nominally and
at the boundary of statistical distinguishability, was feature
engineering, consistent with recurring findings in the tabular
literature [21]. Stacking, calibration, and hurdle designs (each
with prior evidence of gains in other regimes [29], [36]) were
neutral or negative here, plausibly because a tuned LightGBM
on a plateau leaves them little room for improvement, and
calibration’s internal splits shrink effective training data.

The post-hoc ablation adds attribution: the engineered-
feature gain is diffuse across all six groups, led by the
activity block, with importances stable across folds: evidence
that the feature-centric margin, though at the boundary of
statistical distinguishability, is systematic rather than noise
(Section VII-F).
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3) Sparse lexical representations over dense embeddings:
The text result is a practical guideline for Spanish-language
P2P corpora: short, formulaic listing descriptions are captured
adequately by lexical overlap, at a fraction of the computa-
tional and dimensional cost of dense semantic representations,
and the embeddings showed no compensating accuracy gain;
under the in-fold refit the two representations are statistically
indistinguishable (Section VII-F), so the preference for TF-
IDF rests on cost, not accuracy. Embedding pipelines should
therefore be justified against this baseline before deployment.

4) Cost profile of the tabular foundation model: A tuning-
free model within half a point of the winning attempt (obtained
on a single consumer-grade GPU at a small fraction of the
computational cost of the distributed search program) makes
foundation models a natural first baseline for future tabular
studies in this domain, while the observed plateau itself
remains unchanged.

5) Comparison with the binary antecedent: Kirkos reports
F-measure 0.792–0.835 for a binary mean-split task in a single
European city [13]. The classes, metric variant, market, fea-
tures, and era all differ, so the figures are not comparable and
we cite them as context only; indeed, no directly comparable
published figure exists (Section II), which is precisely the gap
this study addresses. Our three-level task is structurally harder
(macro averaging penalizes every class equally, and the middle
tercile borders both neighbors), and the per-class analysis of
Section VII-F confirms that the middle tercile concentrates
the residual error (full-scenario F1 about 0.73, versus 0.91
and 0.84 for the extremes), with confusions overwhelmingly
between adjacent levels.

6) Practical implications: For platforms and hosts, the
actionable reference is the observed cold-start range: at listing
creation, three-level engagement is predictable at macro F1 of
roughly 0.59–0.63 within the evaluated space, and at 0.53–0.58
under the audited strict set, since snapshot-measured avail-
ability, superhost status, and tenure inflate the nominal figure
(Section VII-F). Adding a well-written Spanish description
helps more the stricter the setting: up to +2.4 points nominally,
and +4.0 to +5.3 points over the strict structured set, via low-
cost lexical features. Per-class results add operational nuance:
the extreme classes, the ones that drive ranking, trust, and
regulatory attention, are recovered at F1 about 0.91 (low) and
0.84 (high), while the middle tercile absorbs most confusion
(0.73), so decisions keyed to the extremes are more reliable
than the macro average suggests. For market observatories and
regulators working retrospectively, the full-scenario models
classify at 0.81–0.83 with per-city calibration choices (class
weights help in Buenos Aires and Santiago, not in Mexico
City). And for research budgeting, the ladder shows that a
study of this scope is feasible on a small cluster of commodity
machines, with the single largest saving coming from an
evidence gate that automatically skipped a dominated attempt.

IX. CONCLUSION AND FUTURE WORK

This study delivered the first three-level engagement classi-
fication of peer-to-peer home-sharing listings in Latin America,
on 76,624 listings across Buenos Aires, Santiago, and Mexico
City. It mapped the attainable performance landscape with
a pre-specified, amendment-logged, evidence-gated ladder of

27,219 registered trials in 30 hyperparameter studies. Four
findings summarize the program. A tuned LightGBM over
engineered features achieves macro F1 0.8249 on average
(up to 0.8299 in Mexico City). The cold-start gap of 23.0
points quantifies the circularity of review-derived features; the
audited strict variant widens the deployable gap to 29.5 points.
Spanish text helps where information is scarce, increasingly
so the stricter the setting, with sparse TF-IDF matching mul-
tilingual embeddings at a fraction of the cost. An untuned
tabular foundation model matches the tuned pipelines with no
hyperparameter search at all; a post-hoc, exploratory follow-
up at full context (P1), upheld under four fresh resamplings
(P2), suggests the untuned model can exceed the best pre-
specified average (0.8266 versus 0.8249; twelve of twelve
paired comparisons, mean margin +0.0034), though this com-
parison lies outside the pre-specified protocol (Section VII-F).
The post-hoc analyses complete the picture: ordinal metrics
and a Frank–Hall baseline show that the flat models already
respect the label order, the middle tercile concentrates the
residual error, and repeated outer resampling bounds selec-
tion optimism at 0.2–0.3 points. The stable 0.81–0.83 band
across all full-scenario per-city results constitutes an observed
performance plateau, confined to the feature and model space
evaluated here; whether it reflects a limit of the data, of
the feature representation, or of the model families evaluated
remains an open question.

Several limitations bound these findings. Review counts
proxy engagement rather than observed bookings [2], and the
corpus is a cross-sectional snapshot of three cities, scraped in
December 2024 (Santiago), January–February 2025 (Buenos
Aires), and June–July 2025 (Mexico City), so temporal gener-
alization and other Latin American markets remain untested;
listing descriptions are the only text exploited. The ordinal
evaluation and the Frank–Hall baseline are post-hoc additions
made in revision, limited to a single ordinal method with
inherited hyperparameters, and macro F1 remains the pre-
specified primary metric. The TF-IDF/SVD transform and the
per-city log-price standardization were fit once per city over all
rows; the post-hoc in-fold refit bounds the resulting optimism
at +0.1 to +0.4 points on average (up to +0.7 in a single
city) and leaves internal comparisons unaffected, though it
also renders the sparse-versus-dense text comparison statis-
tically indistinguishable. Inside Airbnb preserves no listing-
creation timestamp, so the temporal audit classifies features by
documented mutability, and the retained quasi-static features
could still have been edited after creation. The same cross-
validation selects configurations and reports their performance;
nested cross-validation was not run, and the repeated-outer-
resampling bound of 0.2–0.3 points covers configuration se-
lection, not the full search process. Per-class breakdowns,
ordinal metrics, and ablations come from revision-stage re-
evaluations of fixed configurations, with ablated variants not
re-tuned (a conservative bias). The statistical tests remain
exploratory and post hoc, the full-context TabPFN follow-up
and its confirmation remain comparisons on a single corpus
against fixed competitor configurations, and the evidence gate
that skipped I09 extrapolated TF-IDF’s cold-scenario standing
to the full scenario without measuring it. Finally, the protocol
was amendment-logged rather than externally pre-registered,
and Santiago’s high fold variance widens all its comparisons
[38].
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Future work follows directly: richer ordinal methods
beyond Frank–Hall (CORAL/CORN-style learners, learned
thresholds), temporal signal from calendar and availability
data, spatial modeling over neighborhood geometries, pooled
multi-city training with market indicators to tame fold vari-
ance, guest-review text and image multimodality, conformal
prediction over the ordered levels, larger corpora to extend the
learning curves, a longitudinal multi-snapshot validation of the
temporal audit, and a fully symmetric TabPFN–GBDT com-
parison in which the trees are re-tuned under each resampling.
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