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Abstract. Evaluations of classification under dataset shift often rely
on static benchmarks and single-objective metrics, obscuring how dis-
crimination, calibration, and risk ranking may fail in different ways over
time. We present a 19-year longitudinal benchmark of tabular mod-
els under real-world clinical shift, using a Brazilian renal registry with
9.6 million records from 1997-2015. We compare dynamically retrained
tree-based ensembles with standard and drift-aware Tabular Foundation
Models (TabPFEN, TabICL) under uniform temporal protocols. Our re-
sults show that robustness is not monolithic: models with strong global
survival rankings may suffer from calibration and same-year classifica-
tion failures, while model rankings change across stable, covariate-shift,
and structural/observation-process-shift regimes. We further introduce
an exploratory Temporal Robustness Index and combine domain-aware
SHAP with medication-record perturbations to diagnose model failures.
The analysis reveals that standard models often rely on temporally un-
stable pharmaceutical proxies, whereas temporally conditioned models
emphasize more stable physiological signals. Overall, our study provides
a multi-objective and shift-aware auditing framework for evaluating tab-
ular foundation models in dynamic clinical environments.

Keywords: Dataset Shift - Calibration - Temporal Robustness - Tabular

Foundation Models - Clinical Forecasting

1 Introduction

Evaluating machine learning models under dataset shift is a central challenge
in high-stakes domains. Historically, evaluations of concept drift have relied
on single-objective metrics, implicitly assuming that discriminative power,
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calibration, and risk ranking degrade uniformly [3]. In real-world longitudinal
systems, this assumption rarely holds [2].

While tree-based ensembles [1, 8] have long dominated tabular prediction,
recent Tabular Foundation Models (TFMs) such as TabPFN [6] and TabICL [10]
introduce a new paradigm leveraging Transformers [13] and in-context learning.
Their behavior under long-horizon temporal shift remains largely unexplored.

We investigate whether predictive discrimination, probabilistic calibration,
and survival ranking lead to consistent conclusions about model quality under
long-horizon dataset shift. To this end, we conduct a 19-year longitudinal
evaluation on a national renal registry comprising 9.6 million records from
67,267 patients. Classical ensembles with dynamic sliding-window retraining
are compared against standard TFMs and a temporally conditioned drift-aware
variant under identical temporal windows. Models are assessed annually
using discrimination, calibration, and IPCW-corrected survival ranking,
complemented by shift-analysis and diagnostic techniques.

The results show that robustness is not a single property. Discrimination,
calibration, and survival ranking diverge under temporal shift, and model
rankings change across shift regimes. Standard TFMs perform strongly under
stable conditions, whereas gradient boosting is more resilient under structural
shift. Temporal conditioning further improves annual discrimination under
drift. These findings show that aggregate accuracy can obscure clinically
consequential failure modes and that model selection must account for both the
evaluation objective and shift regime.

In sum, our contributions are:

— A long-horizon benchmark for tabular models under shift. We
provide a long-horizon evaluation of classical ensembles, standard TFMs, and
drift-aware TFMs under real-world dataset shift.

— A multi-objective evaluation framework. We jointly assess discrimi-
nation, calibration, and survival ranking, exposing failure modes hidden by
single-metric evaluation.

— Divergent objectives and ranking reversals under shift. We show that
evaluation objectives can lead to different conclusions about model quality
and that model rankings reverse across shift regimes.

— A shift-aware diagnostic methodology. We combine multiple diagnostic
analyses to explain when and why models fail.

2 Background and Related Work

2.1 Classification and Calibration under Dataset Shift

Most supervised learning methods, including tree-based ensembles such as XG-
Boost and LightGBM [1, 8], assume that training and test data are sampled from
a stable distribution P(X,y). In longitudinal clinical registries, this assumption
is routinely violated by dataset shift [3,2], which may arise as covariate shift
through changes in P(X), label shift through changes in P(y), or structural
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shift through changes in P(y|X). Common mitigation strategies include sliding-
window retraining, online adaptation, and periodic model updating [3, 11].
Existing benchmarks under dataset shift frequently summarize performance
through a single discriminative metric, despite the fact that classification
quality, probabilistic calibration, and longitudinal risk ordering may degrade
differently under temporal shift [2]. Longitudinal benchmarks that jointly
evaluate these objectives under real-world dataset shift remain comparatively
rare. This limitation is particularly consequential in clinical settings, where a
model may preserve relative risk ranking while producing unreliable probability
estimates or unstable decision boundaries. Our work addresses this gap
through a unified longitudinal protocol that jointly evaluates discrimination,
calibration, and survival ranking across multiple shift regimes, enabling a more
comprehensive assessment of model behavior under long-horizon dataset shift.

2.2 Tabular Foundation Models in Non-Stationary Environments

Tabular Foundation Models (TFMs) [7] extend the foundation-model paradigm
to structured data by pretraining on large collections of synthetic tasks and
performing prediction through in-context learning. TabPFN [6] approximates
Bayesian posterior inference and achieves strong zero-shot performance, while
TabICL [10] introduces attention mechanisms designed for larger tabular
contexts. Drift-Resilient TabPFN [5] further incorporates explicit temporal con-
ditioning during pretraining to improve adaptation across distributional regimes.

Despite rapid progress in static benchmarks, the behavior of TFMs under
prolonged, real-world non-stationarity remains poorly understood. Prior studies
have largely emphasized aggregate predictive performance, short-horizon
perturbations, or synthetic drift, leaving open whether TFMs preserve
calibration, discrimination, and risk ranking over years of evolving clinical and
administrative practice. We provide one of the first large-scale longitudinal
comparisons of standard and drift-aware TFMs against dynamically retrained
classical ensembles under nearly two decades of observed shift.

2.3 Survival-Aware and Mechanistic Evaluation under Shift

Right-censoring complicates longitudinal evaluation because standard classifica-
tion metrics may misrepresent patient-level risk trajectories [12]. Survival-aware
measures such as the IPCW-weighted Concordance Index provide a principled
alternative for assessing global risk ordering under censoring [12]. At the same
time, post hoc attribution methods such as SHAP [9] can reveal whether
predictions depend on stable physiological variables or temporally fragile proxies.

Our study combines survival-aware evaluation, distributional diagnostics,
domain-aware attribution, temporal robustness analysis, and controlled feature
perturbation. This integration moves beyond documenting performance
degradation by identifying which objectives fail, under which shift regimes, and
why particular model families become vulnerable.
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3 Methodology

3.1 Dataset and Problem Framing

Our study uses a longitudinal cohort derived from Brazil’s national healthcare
systems through deterministic and probabilistic record linkage [4]. The cohort
comprises 67,267 patients and approximately 9.6 million clinical events recorded
between 1997 and 2015. It covers more than 6,200 event types, including renal
replacement therapies, chronic disease diagnoses, and medication dispensations,
and exhibits pronounced temporal non-stationarity driven by changes in clinical
protocols, administrative policies, and data-recording practices. The prediction
target is all-cause mortality.

Preliminary experiments showed that the registry contains extreme
sequence-length heterogeneity and that, under the severe reduction in recorded
exposure observed in 2015, sequential architectures became highly sensitive to
zero-padding patterns. These patterns reflect changes in the observation process
rather than clinical state and may therefore act as spurious predictors. The
patient-year representation mitigates this problem by encoding each annual
history as a fixed-length vector of event frequencies, providing a more stable
input space for comparing classical ensembles and Tabular Foundation Models
under the same temporal conditions.

To satisfy TFM context constraints while retaining clinically relevant
information, we select the 500 highest-ranked features according to Light GBM
information gain computed exclusively on the 1997-2006 training period
(Fig. 1). This procedure avoids using future test years during feature selection,
although we acknowledge that model-based selection may favor predictors that
are effective for tree-based learning. The resulting features are clinically coher-
ent: hemodialysis, erythropoietin, and renal replacement therapies dominate,
together with c2MED-prefixed medication records. These medication variables
are highly predictive under relatively stable conditions, but, as later analyses
indicate, are also sensitive to administrative and documentation changes.

All sampling is performed at the patient level. Because TFMs are constrained
by finite context windows, they receive at most approximately 3,000 patient-year
instances per class in each training window. Classical models use the complete
balanced training set and therefore benefit from a larger effective sample size.
We retain this asymmetry because it reflects the practical operating constraints
of current TFMs; accordingly, comparisons should be interpreted as evaluations
of deployable model configurations rather than as strictly sample-matched
capacity comparisons. A Fixed-K ablation further verifies that the main TFM

grendspys1itabls R Pestaléelnative sampling configurations.

A common limitation of temporal-shift benchmarks is the use of a training set
frozen at a single historical period. In practice, a model deployed in 2012 would
be more plausibly updated with recent data than trained solely on records from
the late 1990s. We therefore adopt two complementary temporal protocols,
applied uniformly to all model families.
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Top 30 features by importance (LGBM gain)

EVENT_CIDIALISE_HD (Hemodialysis) |
EVENT_C2MED_ERITRO (Erythropoietin) |
EVENT_CIDIALISE_DP (Peritoneal dialysis) N
DIAGN_N180 (End-stage renal disease (CKD 5)) | R
EVENT_c2MED_ANTIANE (Anti-anemic medication) |
DIAGN_N189 (Chronic kidney disease, unspecified) [N
EVENT_c2MED_CALCI (Calcium supplements) NS
EVENT_C6INTERNA_INTER (Hospitalization (intercurrent)) [N
EVENT_c2MED_CSA (Cyclosporine A) I
EVENT_C3ACESSO_CT (Central venous catheter) [N
DIAGN_Z940 (Kidney transplant status) [N
EVENT_c3ACESSO_FV (Arteriovenous fistula) [N
EVENT_c5TX_TX (Kidney transplant) [l
DIAGN_I120 (Hypertensive CKD) [l
EVENT_c2MED_AZA (Azathioprine) [l
EVENT_c2MED_SEVEL (Sevelamer)
DIAGN_N188 (Other chronic kidney disease)
EVENT_c2MED_MICOF (Mycophenolate mofetil)
DIAGN_H360 (Diabetic retinopathy)
DIAGN_NO83 (Diabetic glomerular disorders)
DIAGN_I10 (Essential hypertension)
EVENT_c2MED_TACRO (Tacrolimus)
EVENT_c2MED_HIDFE (Iron hydroxide (IV iron))
EVENT_cSTX_EXTX (Post-transplant follow-up)
DIAGN_N039 (Chronic nephritic syndrome)
DIAGN_E112 (Type 2 diabetes with kidney complications)
DIAGN_E102 (Type 1 diabetes with kidney complications)
EVENT_C3ACESSO_CTK (Tunneled central catheter)
DIAGN_C610 (Prostate cancer)
DIAGN_E148 (Other specified diabetes mellitus)
0 5000 10000 15000 20000
Importance (gain)

Feature

SENEEEEED

Fig. 1. Top 30 features by Light GBM information gain on the 1997—
2006 training split. Core renal procedures dominate; c2MED-prefixed
medication features emerge as high-importance predictors that are
effective under relatively stable conditions but susceptible to admin-
istrative and documentation changes.

The sliding-window protocol constitutes our primary evaluation. For each
test year Yiest € {2007,...,2015} and window size W € {3,5,7,10}, classical
baselines are retrained from scratch using records from [Yiest — W, Yiest — 1].
TabPFN and TabICL receive the same temporal window as their in-
context learning set, without gradient-based task-specific training.
Drift-Resilient TabPFN additionally receives a temporal-domain tensor
d; = year_to_domain[year x i], thereby enabling explicit conditioning on the
temporal regime. We also evaluate an expanding-window variant trained on all
available records from 1997 to Y * test — 1.

The one-year-ahead stream protocol serves as a robustness analysis of
continuous deployment. For each Y € 2000, ... ,2015, every model is updated us-
ing all data available from 1997 to Y —1 and then evaluated on year Y. The earli-
est years, 1998-1999, are excluded because the registry had not yet accumulated
enough observations (n < 50) for balanced training. Agreement between this pro-
tocol and the main sliding- or expanding-window analyses provides evidence that
the reported degradation patterns are not artifacts of a single update strategy.

Across both protocols, training data are balanced through patient-level
sampling, with IV < 3,000 instances per class for TFMs. Test sets preserve the
naturally imbalanced mortality prevalence, which ranges from 4.2% to 26%,
to approximate deployment conditions. Patients in a test pool never appear
in the corresponding training window, preventing patient-level leakage across
temporal partitions.
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3.3 Multi-Objective Evaluation

Our primary evaluation treats robustness as a multi-objective property rather
than as a single performance score. For each test year, we assess three related
but non-equivalent objectives.

Discrimination is measured using Macro-F1, positive-class F1, and
PR-AUC. These metrics evaluate annual mortality classification under severe
class imbalance. The classification target is defined as the occurrence of any
DEATH event within the same calendar year, and all post-death rows are removed
to prevent leakage.

Calibration is assessed using Expected Calibration Error (ECE), which
measures agreement between predicted probabilities and observed annual
mortality frequencies. Because ECE is sensitive to sample size, prevalence, and
binning, we interpret it as a comparative diagnostic of probability reliability
across years and model families rather than as an absolute measure of
calibration quality.

Global risk ranking is evaluated using the IPCW-adjusted Concordance
Index [12] under a 2-year landmark survival horizon. The IPCW weights are
computed as W; = min(l/é(Ti),Tmax), with clipping at the 95th percentile to
limit variance. This survival objective is intentionally broader than the annual
classification target: it evaluates longitudinal ordering over a two-year horizon
rather than same-year mortality decisions. The two tasks are therefore related
but not identical, and divergence between them is interpreted as evidence
of objective-specific robustness rather than as direct disagreement between
interchangeable metrics.

Patient-level bootstrap confidence intervals for annual F1 estimates are
computed using 1,000 resamples clustered by patient ID and are reported in
the supplementary material. Year-over-year distributional change is quantified
using Jensen—Shannon divergence over binary feature distributions.

3.4 Exploratory Shift Characterization and Failure Diagnostics

Beyond the primary metrics, we employ a set of exploratory diagnostics to
characterize the observed shifts and investigate potential failure mechanisms.
These analyses are intended to support interpretation rather than to define
additional confirmatory endpoints.

The Temporal Robustness Index is defined as TRI, =
(F1,/Flye)/(JSy + €), with e = 107%. TRI contextualizes each model’s
performance retention relative to the magnitude of measured distributional
change. Because the denominator can amplify differences when JS divergence
is small, TRI is used exclusively as an intra-model diagnostic and not as a
calibrated cross-model ranking statistic.

We further organize test years into an exploratory drift-regime taxonomy.
Years with low JS divergence and relatively stable mortality prevalence are de-
scribed as Stable. Years with elevated feature divergence but limited prevalence
change are characterized as Type I Covariate Shift. Years with simultaneous
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changes in feature sparsity, prevalence, censoring, and observed predictive
relationships are characterized as Type II Structural/Observation-Process Shift.
These labels summarize empirical patterns and domain evidence; they should
not be interpreted as formal identification of the underlying causal distribution
components. In particular, the 2015 regime reflects administrative truncation
of the observation process, which changes the empirically available relationship
between recorded features and outcomes without necessarily implying a change
in the underlying biological mechanism.

To investigate model reliance on temporally stable or unstable predictors,
domain-aware SHAP keeps temporal embeddings Fqom(d;) fixed during
permutation, so that attributions reflect feature contributions within the
appropriate temporal context [9]. Finally, a medication perturbation sweep
sets the 11 c2MED features to zero for increasing fractions p € 0%, ...,100% of
2015 test patients. This intervention does not establish a causal clinical effect of
medication use; rather, it tests whether model predictions depend on medication-
recording patterns that became unreliable under the 2015 administrative shift.

4 Results and Dataset Shift Analysis

4.1 Divergence of Discrimination, Calibration, and Ranking

We evaluated all models year by year over the chronological test period
(2007-2015) using the dynamic sliding-window protocol. Our central hypothesis
is that robustness under long-horizon dataset shift is objective-dependent:
discrimination, calibration, and global risk ranking may degrade differently and
produce different model orderings. Table 1 supports this hypothesis across the
evaluated architectures.

Predictive discrimination and survival ranking diverge substantially. TabICL
achieves the strongest global risk ordering (IPCW C-index: 0.542), but this
advantage does not transfer to same-year mortality classification in 2015, where
its positive-class F1 falls to 0.109. In contrast, Drift-Resilient TabPFN achieves
the best average annual F1 (0.316), PR-AUC (0.249), and 2015 F1 (0.212),
although it does not lead the survival-ranking objective.

This divergence is practically relevant. Annual classification evaluates the
same-year decision quality, whereas IPCW C-index evaluates patient ordering
over a 2-year horizon. A model may therefore rank patients well over time
while still providing unreliable probabilities or weak decision boundaries for
immediate clinical action.

4.2 Characterizing Shift Regimes: Covariate (2012) and
Structural/Observation-Process Shift (2015)

We contextualize degradation trajectories using JS divergence between binary
feature distributions, interpreted alongside prevalence, sparsity, censoring, and
domain evidence. Two distinct regimes emerge, but these labels summarize
observed patterns rather than formally identifying changes in P(X) or P(y|X).
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Table 1. Summary of longitudinal classification and survival-ranking performance
(2007-2015). Annual metrics are macro-averaged using the fixed W = 10 window.
Lower ECE is better. IPCW C-index uses a 2-year landmark horizon; 2014-2015 are
excluded because the required survival estimates are not identifiable under extreme
censoring and absence of recorded events (Section 4.4). Patient-level bootstrap 95%
confidence intervals for Fl-macro are reported in the supplementary material.

Model Annual Classification (avg. 2007—2015) Survival Ranking
Avg. Flpos Avg. PR-AUC Avg. ECE 2015 F1pos|C-index IPCW C-index
XGBoost 0.238 0.164 0.180 0.164 0.527 0.445
Light GBM 0.247 0.173 0.177 0.178 0.536 0.425
Random Forest 0.197 0.135 0.089 0.109 0.516 0.377
TabPFN 0.221 0.155 0.215 0.103 0.521 0.420
TabICL 0.222 0.165 0.263 0.109 0.586 0.542
Drift-Resilient TabPFN| 0.316 0.249 0.240 0.212 0.575 0.433

Table 2. Temporal Robustness Index (TRI) across shift regimes. Higher values indi-
cate greater retention of within-model performance relative to measured distributional
change. TRI is not used as a calibrated cross-model ranking statistic. ¢ = 107%.

Model Stable (2007) Covariate Shift (2012) Structural Shift (2015)
XGBoost 1262.1 601.5 210.4
TabICL 1262.1 620.3 205.8
TabPFN 1262.1 743.7 294.6
Drift-Resilient TabPFN 1254.3 770.3 410.2

The 2012 Administrative Covariate Shift. In 2012, all models show a sudden
discriminative decline. Domain evidence links this period to SUS billing changes
that temporarily altered medication-recording frequencies, including Sevelamer
and Erythropoietin. JS divergence reaches approximately 0.042, while mortality
prevalence remains comparatively stable, suggesting a Type I covariate shift
affecting recorded inputs more than outcome frequency.

The 2015 Structural/Observation-Process Shift. The 2015 cohort exhibits a
more severe regime. Administrative truncation reduces exposure time, increases
feature sparsity, and lowers recorded mortality prevalence from approximately
10% to 4.2%. These changes alter the empirical relationship between recorded
features and observable outcomes without necessarily implying a biological
change. We therefore describe 2015 as a Type II structural/observation-
process shift. Under this regime, standard TFMs show relative Macro-F1
reductions above 10%, classical ensembles decline by approximately 9.4%, and
Drift-Resilient TabPFN declines by approximately 3%.

Table 2 reports the Temporal Robustness Index. TRI is interpreted only
within each model, since the ratio can become unstable when JS divergence
is small. Under this interpretation, Drift-Resilient TabPFN retains the highest
TRI in both 2012 and 2015, suggesting slower performance degradation relative
to the observed distributional change.
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Table 3. Mean PR-AUC stratified by exploratory drift regime across all window con-
figurations (W € 3,5,7,10, fixed and expanding modes). Stable: low JS divergence
and relatively stable prevalence. Type I: 2012 administrative covariate shift. Type II:
2015 structural/observation-process shift.

Model Stable Type I (Covariate) Type II (Structural)
XGBoost 0.198 0.208 0.138
Light GBM 0.179 0.184 0.101
Random Forest 0.159 0.169 0.084
TabPFN 0.196 0.209 0.131
TabICL 0.209 0.206 0.129

Model Rankings Depend on Shift Regime. Table 3 shows that aggregate rankings
conceal regime-specific behavior. TabICL leads under stable conditions, all
architectures perform similarly in the 2012 Type I regime, and XGBoost leads
in the 2015 Type II regime. Although numerical differences should be read
alongside supplementary uncertainty analyses, the pattern indicates that model
suitability depends on the shift regime and cannot be inferred from aggregate
performance alone.

4.3 Calibration under Long-Horizon Shift

Plot B — Reliability diagrams for stress year 2015 (W=10, fixed window)

XGBoost LightGBM Random Forest

Fraction of positives
Fraction of positives
Fraction of positives

w’—x/—\/._/
10

06 08 2 04 06 08 04 05
Mean predicted probability Mean predicted probability Mean predicted probability
TabicL

Fraction of positives
Fraction of positives

04 06 08 02 04 06
Mean predicted probability Mean predicted probability

Fig. 2. Reliability diagrams for the 2015 stress year (W = 10, fixed
window). All models exhibit calibration degradation, with standard
TFMs showing pronounced departures from the diagonal despite com-
petitive ranking performance. ECE values are annotated in each
panel.
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Table 4. Landmark survival analysis for Drift-Resilient TabPFN using a 2-year hori-
zon. IPCW C-index is not estimable for 2014 because all observations are censored, or
for 2015 because no events are recorded within the horizon.

Landmark N Events Censored C-index IPCW C-index

2007 1,908 240 1,668 0.555 0.544
2008 2,409 284 2,125 0.550 0.565
2009 2,522 307 2,215 0.506 0.547
2010 2,619 311 2,308 0.503 0.511
2011 2,536 241 2,295 0.563 0.547
2012 2,553 256 2,297 0.594 0.597
2013 2,596 218 2,378 0.627 0.628
2014 2,615 71 2,544 0.592 — (all censored)
2015 2,310 0 2,310 - — (no events)

Figure 2 shows reliability diagrams for the 2015 stress year under the fixed
W = 10 window. Calibration deteriorates across all model families, but with
different failure patterns.

Classical ensembles exhibit overconfidence in higher-probability bins, while
standard TFMs are also substantially miscalibrated. TabPFN concentrates
probability mass in high-confidence bins without corresponding empirical
mortality, and TabICL departs from the diagonal across several bins. Because
ECE is sensitive to prevalence, binning, and sample size, we interpret it
comparatively rather than as an absolute calibration measure.

Together with Table 1, these results highlight the central multi-objective
finding: TabICL achieves the strongest IPCW C-index, yet its 2015 probability
estimates remain poorly calibrated. Survival ranking and calibration therefore
capture distinct deployment properties and should be audited jointly.

4.4 Survival Analysis and IPCW Correction

Table 4 reports the 2-year landmark survival analysis for Drift-Resilient
TabPFN. IPCW correction is estimable for 2007-2013, but not for 2014, when
all observations are censored within the horizon, or for 2015, when no deaths
are recorded after administrative truncation. These failures reflect limitations
of the observed follow-up process and further illustrate the severity of the
late-period observation-process shift.

Across estimable years, IPCW C-index ranges from 0.511 to 0.628. The
mean absolute difference between corrected and uncorrected C-index is 0.017,
indicating that censoring correction changes ranking estimates only modestly
before the extreme late-period truncation. Censoring, therefore, contributes
to instability but does not fully account for the divergence between annual
classification and survival ranking observed over 2007-2013.
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4.5 Diagnosing Proxy Reliance through Medication Perturbation

To complement the SHAP analysis, we perturb medication records in the 2015
stress year. For each model trained with the fixed W = 10 window, the 11
c2MED features are set to zero for increasing fractions of test patients. This
intervention does not estimate the causal effect of medication exposure; rather,
it evaluates whether predictions depend on medication-recording patterns that
became unreliable after administrative truncation.

Plot F — Medication perturbation sweep at stress year 2015

F1-pos vs medication perturbation (2015, W=10 fixed) PR-AUC vs medication perturbation (2015, W=10 fixed)
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Fig. 3. Medication-record perturbation at the 2015 stress year. Left:
positive-class F1 as a function of the fraction of patients with all
c2MED features zeroed. Right: PR-AUC under the same perturba-
tion. Standard models improve as medication information is removed,
whereas the separately evaluated Drift-Resilient model declines, sug-
gesting different dependence on medication-recording patterns.

Figure 3 shows that all five standard models improve as medication
features are progressively removed. XGBoost F1-pos rises from 0.149 to 0.181,
LightGBM from 0.116 to 0.150, TabPFN from 0.141 to 0.201, and TabICL
from 0.166 to 0.186. This monotonic trend suggests that medication-recording
associations learned from earlier years became less reliable under the 2015
observation-process shift and that removing these features partially restores
classification performance.

This observation is consistent with the SHAP analysis in Section 5, which
identifies medication variables among the most influential predictors for TabICL
and standard TabPFN. Table 5 summarizes representative perturbation levels
from the full sweep shown in Figure 3. Across all five standard models,
positive-class F1 increases as medication records are progressively removed. In
contrast, Drift-Resilient TabPFN exhibits a modest decline from 0.279 to 0.269
under the available 50% perturbation experiment. Although the Drift-Resilient
evaluation was conducted separately and is therefore not directly comparable
to the complete sweep, the opposite response direction is consistent with a
qualitatively different dependence on medication-recording patterns.
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Table 5. Medication-record perturbation at the 2015 stress year. Values report
positive-class F1. Standard models were evaluated across the full perturbation sweep
(Figure 3); representative perturbation levels are shown here. Drift-Resilient TabPFN
was evaluated separately at the available 50% perturbation level.

Model 0% 50% 100%
XGBoost 0.149 0.166 0.181
Light GBM 0.116 0.137 0.150
Random Forest 0.076 0.083 0.100
TabPFN 0.141 0.168 0.201
TabICL 0.166 0.183 0.186

Drift-Resilient TabPFN 0.279 0.269 not evaluated

4.6 Robustness Check: One-Year-Ahead Stream Protocol

We compare the one-year-ahead stream protocol with the W = 10 expanding-
window evaluation to test whether conclusions depend on the update policy.
Figure 4 shows that the two trajectories are closely aligned after 2007.

Plot E — One-year-ahead stream protocol: train on all data available up to test year - 1

Fl-macro — stream protocol vs W=10 expanding PR-AUC — stream protocol vs W=10 expanding

Fig. 4. One-year-ahead stream protocol (solid lines) versus W = 10
expanding window (dotted lines). Left: Fl-macro; right: PR-AUC.
The train/test boundary and the 2015 stress year are marked. Similar
post-2007 trajectories indicate that the observed degradation is not
specific to a single temporal update strategy.

Three patterns are consistent across protocols: stream and expanding-
window trajectories are nearly indistinguishable after 2007, performance peaks
around 2008-2009 and declines toward 2015, and the aggregate results in
Table 6 do not materially change model ordering. These findings reduce the
likelihood that the 2015 degradation is an artifact of a frozen training period
or window specification.
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Table 6. One-year-ahead stream results averaged over 2007-2015. Values are broadly
consistent with the expanding-window analysis, indicating that continuous assimilation
of historical data does not materially change the main degradation patterns.

Model Avg. Fl-macro Avg. Fl-pos Avg. PR-AUC Avg. ECE
XGBoost 0.577 0.256 0.202 0.236
TabPFN 0.589 0.263 0.202 0.205
TabICL 0.592 0.273 0.195 0.207
Light GBM 0.565 0.241 0.175 0.189
Random Forest 0.550 0.225 0.159 0.203

4.7 Practical Implications: Drift Regime and Objective Shape
Model Selection

The results suggest that model selection under temporal shift should jointly
consider the anticipated drift regime and the deployment objective. Under
stable conditions and the 2012 Type I regime, TFMs and gradient boosting
methods achieve broadly comparable discrimination. Under the 2015 Type II
structural /observation-process regime, sliding-window gradient boosting is
comparatively resilient among standard models, while Drift-Resilient TabPFN
achieves the strongest annual discrimination overall. For longitudinal risk
ranking, TabICL provides the highest IPCW C-index, but this does not imply
reliable calibration or same-year classification.

Taken together, these findings support the paper’s central claim that
robustness is not monolithic. Model superiority depends on the evaluated
property, temporal regime, and operational decision. Multi-objective and
shift-aware auditing is therefore necessary to avoid selecting models that appear
robust under aggregate evaluation but fail on clinically relevant dimensions.

5 Why Models Fail: Domain-Aware Feature Attribution

To investigate the mechanisms behind the performance and calibration patterns
observed under temporal shift, we apply a domain-aware XAI pipeline to
audit model-level feature attributions. We extract global SHAP values across
the longitudinal test period (2007-2015) and interpret them alongside the
shift-regime and perturbation analyses reported in Section 4. These analyses
are exploratory: they do not identify causal clinical effects, but help assess
whether models rely on temporally stable physiological signals or on proxies
that become unreliable as administrative and documentation practices change.

A comparative inspection of SHAP beeswarm plots reveals three attribution
patterns.

TabICL and Standard TFMs. TabICL assigns substantial importance to
medication-related variables, notably Iron supplementation and Sevelamer.
These features can be clinically meaningful, but they are also closely tied to
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prescription protocols, reimbursement rules, and documentation practices. As
a result, they may behave as temporally fragile proxies when administrative
recording changes. This interpretation is consistent with the 2015 calibration
degradation and with the medication-record perturbation experiment, in
which removing c2MED features improves the performance of standard models.
Standard TabPFN shows a different pattern: importance is more diffusely
spread across a long tail of background variables. We interpret this signal
diffusion as a potential source of instability, since small temporal changes across
many weak predictors may collectively affect decision boundaries under shift.

Drift-Resilient TabPFN. In contrast, the temporally conditioned model
places greater weight on core dialysis-related features, especially
EVENT C1DIALISE HD. This pattern suggests that explicit temporal
conditioning may reduce reliance on medication-record proxies and favor more
persistent markers of disease severity. Clinically, hemodialysis has a dual
interpretation: repeated sessions reflect ongoing treatment and care access,
while dependence on renal replacement therapy also indicates severe baseline
renal disease. By anchoring more strongly on such stable physiological signals,
Drift-Resilient TabPFN provides a plausible explanation for its stronger annual
discrimination under the 2015 stress regime.

5.1 Clinical Coherence of Learned Representations

The SHAP interaction analysis further suggests that the temporally conditioned
model captures clinically plausible relationships. Higher dialysis frequency
and erythropoietin administration appear as protective or stabilizing factors,
consistent with treatment adherence and anemia management. Kidney
transplantation is associated with extended survival, reflecting restoration of
renal endocrine and metabolic functions. Conversely, dialysis catheter use is
associated with a higher risk, consistent with complications related to central
venous access, including infection and cardiovascular burden.

These patterns should be interpreted as evidence of clinical coherence rather
than causal effect estimation. Their value lies in showing that the drift-aware
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model tends to emphasize variables whose meanings are more stable across
time, whereas standard models place greater weight on medication-record
patterns that become unreliable under the 2015 observation-process shift. The
perturbation experiment in Section 4.5 provides a complementary interventional
stress test of this proxy-reliance hypothesis.

5.2 Predictive Uncertainty Under Shift

We also compute predictive entropy over the test period as an exploratory
proxy for model uncertainty. For Drift-Resilient TabPFN, entropy increases
toward 2015, suggesting that the model partially represents the late-period
distributional change as increased uncertainty rather than only as overconfident
error. This behavior is desirable in deployment settings because rising uncer-
tainty may indicate cases or periods that require human review, recalibration,
or model updates.

This uncertainty pattern is consistent with the broader diagnostic evidence:
as the observation process becomes increasingly misaligned with historical train-
ing windows, the model retains comparatively stronger annual discrimination,
but signals reduced confidence. We therefore interpret entropy not as a complete
uncertainty quantification method, but as a deployment-relevant warning signal
that can complement calibration, drift monitoring, and feature-attribution
diagnostics under severe temporal shift.

6 Conclusion and Future Work

As Tabular Foundation Models move toward real-world deployment, evaluating
robustness under dataset shift becomes essential, especially in clinical settings
where protocols, documentation practices, and patient populations evolve over
time. We presented a 19-year longitudinal evaluation of classical ensembles,
standard TFMs, and a drift-aware TFM on a national renal registry, using
uniform temporal protocols and a multi-objective auditing framework spanning
discrimination, calibration, and survival ranking.

Our results show that robustness is not monolithic. Models that perform
well in global risk ranking may still fail in annual discrimination or probability
calibration, and model rankings vary across stable, covariate-shift, and
structural /observation-process-shift regimes. The analyses further suggest
that standard models are vulnerable when they rely on medication-record
proxies whose meaning changes over time, whereas temporal conditioning can
encourage reliance on more stable physiological signals. These findings highlight
the need to evaluate tabular models not only by aggregate accuracy, but also by
how they behave across objectives, temporal regimes, and clinically meaningful
failure modes.

Several limitations remain. The proposed drift taxonomy and TRI are
exploratory and should be validated on additional longitudinal datasets. Our
evidence comes from a single national registry and should be extended to
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multi-center health records and non-clinical domains. Future work should also in-
tegrate calibration-aware training, uncertainty-guided abstention, and adaptive
updating strategies informed by shift-regime diagnostics. Overall, our study pro-
vides a practical framework for auditing foundation models under long-horizon
dataset shift and for guiding safer deployment in dynamic tabular environments.
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