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Abstract

Event-Based Models (EBMs) infer biomarker
progression from cross-sectional data but typ-
ically only as ordinal sequences and rely on
rigid model assumptions. We propose TEMPO,
a Transformer architecture that learns both or-
dinal and continuous event sequences through
simulation-based supervised learning. TEMPO
uses two Transformer modules: one treats
biomarkers as tokens to infer event sequenc-
ing; the other treats patients as tokens, repre-
senting each by their per-biomarker abnormal-
ity profile, to infer patients’ disease stages. On
synthetic benchmarks, TEMPO reduces normal-
ized Kendall’s Tau distance by 52.89% and stag-
ing MAE by 25.33% compared to state-of-the-
art SA-EBM, with larger reductions in high-
dimensional settings (58.88% and 61.10%). Ap-
plied to ADNI, TEMPO recovers a biologically
plausible Alzheimer’s progression: early medial
temporal atrophy, followed by amyloid accumu-
lation and cognitive decline, and late-stage tau
pathology with terminal acceleration of global
neurodegeneration—broadly consistent with es-
tablished disease models. TEMPO also elimi-
nates the need to derive custom inference algo-
rithms and enables rapid empirical comparison
of generative hypotheses.

Data and Code Availability ADNI data can
be requested through https://adni.loni.usc.edu/
data-samples/adni-data. Reproducible codes for

*. Data used in preparation of this article were obtained from
the Alzheimer’s Disease Neuroimaging Initiative (ADNI)
database (adni.loni.usc.edu). As such, the investigators
within the ADNI contributed to the design and implemen-
tation of ADNI and/or provided data but did not partic-
ipate in analysis or writing of this report. A complete
listing of ADNI investigators can be found in Appendix E.
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this study are available at https://github.com/
jpcca/tempo.

Institutional Review Board (IRB) The IRB at
University of Wisconsin-Madison has reviewed and
approved the research (#2025-1254).

1. Introduction

Characterizing the progression of neurodegenerative
diseases, such as Alzheimer’s Disease (AD), is a cor-
nerstone of modern clinical research. Accurate mod-
els of disease progression can support early diagnosis,
prediction of clinical progression, and the design of
therapeutic interventions (Jack et al., 2010). While
longitudinal cohorts like ADNI (Mueller et al., 2005)
and NACC (National Alzheimer’s Coordinating Cen-
ter, 2025) provide invaluable data, collecting dense
long-term measurements in neurodegenerative dis-
ease is expensive, logistically challenging, and often
inconsistent over time because technologies and as-
sessments change (Young et al., 2024). Consequently,
there is a sustained research effort to develop compu-
tational models capable of inferring temporal trajec-
tories from purely cross-sectional snapshots.

To bridge this gap, Event-Based Models (EBM,
Fonteijn et al., 2012) pioneered estimating the la-
tent temporal sequence by which a disease progresses
through biomarkers. According to EBM, an event
is defined as the switch of a biomarker from a be-
nign distribution to a pathological one. While recent
advancements have improved the robustness of these
models (Young et al., 2018; Venkatraghavan et al.,
2019; Firth et al., 2020; Tandon et al., 2023; Wijer-
atne and Alexander, 2024; Cs et al., 2025; Hao et al.,
2025), EBMs still face critical limitations.
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First, most EBMs are restricted to ordinal se-
quencing. They provide the order of events but
fail to estimate the actual temporal spacing between
them. While continuous models like TEBM (Wijer-
atne et al., 2023) exist, they typically rely on lon-
gitudinal data to anchor their timelines. Second,
EBMs typically impose rigid constraints on disease
logic, e.g., the assumption of irreversibility, the re-
quirement that progression follows a strict, one-way
trajectory where subjects cannot revert to an ear-
lier stage. If the underlying biological reality involves
more complex dynamics, EBM performance may de-
grade. Third, while recent high-dimensional mod-
els (Tandon et al., 2023; Wijeratne and Alexander,
2024) have addressed computational scaling, they
have not been rigorously validated for robustness
across varying generative frameworks.

Deep learning and Transformers offer a potential
alternative (LeCun et al., 2015; Vaswani et al., 2017),
but they require ground-truth progression labels that
do not exist in real-world data. We only possess
noisy clinical proxies, such as diagnosis labels (CN;,
MCI, AD), which are insufficient for capturing fine-
grained latent disease progression over biomarkers.
Consequently, most deep learning applications in this
domain have focused on supervised label conversion
(Hoang et al., 2023; Wang et al., 2025) rather than
the discovery of the underlying biological sequence.

In this work, we propose TEMPO (Transformer
Estimation of Markers’ Progression Order).
Through Simulation-Based Supervised Learning,
TEMPO enables continuous progression estimation
from cross-sectional data and solves the label
scarcity problem. Instead of manually engineering
an inference algorithm for a single framework, we
train a Transformer on a wide range of synthetic
datasets generated by diverse pathological hypothe-
ses formalized as generative processes, including
frameworks for which no closed-form inference algo-
rithm exists. By training on millions of simulated
patients with known ground-truth sequences and
disease stages, TEMPO learns progression directly
from cross-sectional observations.

Our contributions are summarized as follows: (1)
we propose a Transformer-based model that signifi-
cantly outperforms the current state-of-the-art (Hao
et al., 2025), reducing normalized Tau distance by
52.89% and staging MAE by 25.33% compared to
SA-EBM in low-dimensional settings (12 biomark-
ers), with larger reductions at higher dimensionality
(58.88% and 61.10%, respectively, at 100 biomark-

ers); (2) TEMPO achieves the largest relative im-
provement in normalized staging error with dimen-
sionality among all evaluated methods (—43%: from
5.7% at B = 12 to 3.2% at B = 100), suggesting
the patient-level attention mechanism actively bene-
fits from more biomarker tokens; (3) we demonstrate
that TEMPO can reliably estimate continuous tempo-
ral spacing between events using only cross-sectional
data, a task that remains a significant challenge for
traditional EBMs; (4) we introduce a methodology
where Transformers serve as proxies for complex like-
lihood functions, both eliminating the need for man-
ual derivation of inference algorithms and enabling
researchers to empirically compare diverse genera-
tive frameworks for clinical alignment; and (5) once
trained, TEMPO processes each test dataset in sec-
onds, compared to 5-55 minutes for benchmark algo-
rithms at 100 biomarkers, making large-scale hypoth-
esis comparison practical.

2. Related Work

Disease progression modeling encompasses a diverse
range of computational objectives. To position
TEMPO, we categorize existing literature into four
primary research areas.

Label Conversion and Clinical Prediction A
significant body of deep learning research focuses on
supervised label conversion: predicting whether a pa-
tient will progress from cognitively normal (CN) to
mild cognitive impairment (MCI) or AD within a spe-
cific timeframe (Al-Anbari et al., 2025; Almalki et al.,
2025; Hoang et al., 2023; Wang et al., 2025). While
these models are clinically valuable for risk stratifica-
tion, they neither aim to recover the latent biological
sequence of biomarker pathology, nor do they pro-
vide insight into the temporal spacing between spe-
cific physiological changes.

Pseudotime and Latent Staging Inspired by
biophysical models, the pseudotime method assigns
each patient a latent score (typically 0 to 1) represent-
ing their position on a disease continuum (Agrawal
et al., 2024). This approach focuses on patient stag-
ing, refining the granularity of an individual’s disease
state beyond coarse clinical labels. However, it de-
scribes where a patient is, but not the temporal or-
dering of biomarker changes.

Ordinal Event-Based Modeling The EBM
framework aims to uncover the global ordinal se-
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quence of biomarker pathology from cross-sectional
data (Fonteijn et al., 2012). Numerous variants have
been proposed to handle subtypes (Young et al., 2018;
Tandon et al., 2024; Hao and Austerweil, 2025), high-
dimensional scaling (Tandon et al., 2023; Wijeratne
and Alexander, 2024), non-Gaussian biomarker dis-
tributions (Firth et al., 2020), and uncertainty in
patient stage distributions (Hao et al., 2025). De-
spite their utility, these models rely on assumptions
that may be biologically unrealistic. For instance,
EBMs infer only the ordering of biomarker events
without estimating the temporal spacing between
them. Knowing that amyloid abnormality precedes
neurodegeneration is insufficient if the years-long gap
between them (Jack et al., 2010) defines the thera-
peutic window. Another assumption, conditional in-
dependence among biomarkers given a participant’s
disease stage, yields a cleaner, more tractable likeli-
hood function but oversimplifies reality, as biomark-
ers such as MMSE and ADAS13 are often highly
correlated (Schmidt-Richberg et al., 2016). Finally,
although EBMs assume irreversibility, studies have
documented reversion of cognitive decline, both with
(Bredesen, 2014; Du et al., 2018) and without inter-
vention (Malek-Ahmadi, 2016).

Continuous Temporal Spacing The most de-
tailed form of progression modeling seeks to recover
the continuous sequence, where the gaps between
biomarker events have real-world temporal mean-
ing. Currently, models capable of continuous es-
timation, such as TEBM (Wijeratne et al., 2023),
require longitudinal data to anchor their estimates
of time. TEMPO distinguishes itself from this cate-
gory by estimating continuous temporal spacing be-
tween events using only cross-sectional data. This is
achieved through simulation-based supervised learn-
ing: models are trained on synthetic cross-sectional
data with ground-truth continuous event timelines,
enabling recovery of these timelines from real cross-
sectional clinical data.

3. Methods

We propose TEMPO (Fig. 1, and 5 in Appendix A),
a Transformer-based framework designed to simul-
taneously perform event sequencing and patient
staging from cross-sectional data. To ensure numer-
ical stability and allow for shared parameterization
across disparate biomarker scales, all measurements
are standardized (Z-score normalized) using statistics

derived from the training population before being in-
put into the model. Test data is normalized using the
same statistics to prevent leakage.

3.1. Event Sequencing Branch:
Biomarkers-as-Tokens

The sequencing branch treats each biomarker as a
unique token to learn the global progression of pathol-
ogy. Given a cohort of J patients with B biomark-
ers, let X € R7*P represent measurements and
d € {0,1}” represent binary diagnosis labels (con-
trol vs. diseased).

Feature Extraction and Pooling. To extract a
global signature, i.e., a single cohort-level embed-
ding, for each biomarker b € {1,..., B} we isolate
its measurements across the entire cohort and con-
catenate them with the diagnosis labels, forming a
local input z, € R7*2. This input is processed by
a Patient Encoder fg, a 2-layer Multi-Layer Percep-
tron (MLP) which maps each patient’s biomarker
measurement and diagnostic label to a latent space:
H;, = fo(zy) € R/*model. We then apply mean pool-
ing across the patient dimension to obtain a single
dmodel-dimensional embedding for that biomarker:

J
1 d
e, = j ZHb,j € R%model (1)

j=1

The resulting sequence of tokens E = [eq,...,ep] is
augmented with learnable positional encodings before
entering the Transformer.

Biomarker Transformer. We employ a 4-layer
Transformer Encoder to capture interactions between
biomarkers. By computing multi-head self-attention
on E; the model learns the contextual relationships
and pathological dependencies within the disease cas-
cade. A final sequencing head projects the Trans-
former outputs to continuous event scores s € R,
which determine the relative order of biomarker ab-
normality.

3.2. Patient Staging Branch

The staging branch consists of three components: an
Abnormality Detector, a Stage Encoder, and a Stage
Transformer.

Abnormality Detector. For each patient j and
biomarker b, a shared MLP takes three inputs: the
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(a) Sequencing: Biomarkers as Tokens

[ biomarker self-attention j

Raw data X ¢ R/X(B+1D)

b b2 bs ba d

pl 21} 08 15 3.2 1
p2 : 1.3 : 0.4 0.9 2.7 0 :
p3 134, 1.2 2.1 4.0 1 1
p4 :0.7: 0.3 0.5 1.8 0 :
- . 1
1
+ encode + pool :
one token per biomarker :
b1 b2 b3 ba F |
(e ) (e2) (es ) [ea) i
- J U= J ( J \ ) H
1
1
1
1
1
1

[ ranking head — s € RE } ———————————— !

* sort — sequence

—

.14 37 .51 .82
by ba b3 by

(b) Staging: Patients as Tokens

Abnormality detector
per (patient, biomarker):

- (mn) [d:'] ["(Sb)]
\

pjb € [0,1]

v

one token per patient (full abnormality profile)

[ patient self-attention ]

¥
[ stage head — y € R ]

* predicted stage per patient

2.81 | 0.34 || 3.72 || 1.15

Figure 1: TEMPO: Biomarkers and Patients as Tokens. (a) Sequencing: Each biomarker’s mea-
surements across all J patients are encoded and mean-pooled into a single token ey. Self-attention
over biomarker tokens enables each to learn its relative cascade position. A ranking head outputs
scores s € RP; sorting yields the event sequence. (b) Staging: Scores s are sigmoid-normalized
and, with raw measurements x; ; and diagnosis labels d;, fed into an Abnormality Detector produc-
ing p;, € [0,1]. Each patient’s abnormality profile becomes a token. Cross-patient self-attention
enriches representations with batch context, improving staging compared to MLP layers. A stage
head predicts g;. B: number of biomarkers; J: participants per batch; B+1 includes the diagnosis
label (d). Refer to Fig. 5 in Appendix A for detailed TEMPO architecture.

standardized measurement x;;, the binary diagno-
sis label d;, and the normalized ranking score o(sp)
(where o denotes the sigmoid function). It outputs a
scalar abnormality probability:

pjp = AbnormalityDetector(z; s, d;, o(sp)) € [0,1]

Conditioning on the ranking score s, allows the de-
tector to account for where biomarker b falls in the
estimated disease cascade when assessing its abnor-
mality. The result is a matrix P € [0,1]7*F of per-
biomarker abnormality probabilities for each patient.

Stage Encoder and Patient Transformer.
Each patient’s B-dimensional abnormality profile
P; = [pj1,...,pj,B] is projected into a 2dmoder-
dimensional latent space by the Stage Encoder (a lin-
ear layer followed by layer normalization and ReLU).
The resulting patient representations are treated
as tokens and processed by a 2-layer Transformer
Encoder, enabling patients to contextualize each

other’s abnormality profiles through cross-patient
self-attention. Finally, a Stage Head (a two-layer
MLP with layer normalization) maps each patient’s
contextualized representation to a predicted stage ;.

3.3. Loss Functions

The model is trained using a multi-task loss £ =
>\1£seq + )\2£3tage with )\1 = 1.0 and )\2 =1.0.

Hybrid Sequencing Loss. The sequencing
branch is supervised by a dual-component loss:
Lseq = 0.5Lgirect + 0.5Lpqir. The direct term
(Lgirect) anchors the predicted scores s to their
absolute positions on the progression timeline.
We compute the MSE between s and normalized
ground-truth targets: discrete-order experiments use
rank positions normalized to [0, 1]; continuous-order
experiments use the raw event times, also normalized
to [0,1].  Although unbounded, s are implicitly
regularized toward [0, 1] by the MSE objective.
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The pairwise term (L,q) explicitly supervises
the relative ordering between biomarkers. At each
training step, one valid pair (a,b) is sampled, where
valid means the two biomarkers occupy distinct po-
sitions in the ground-truth sequence (r, # 74). Let
s, and s, denote the predicted scores for biomarkers
a and b. The form of £, depends on the nature of
the ground truth.

For discrete event times, we treat ordering as a
binary classification task:

discrete
Epair

= —[ylogo(sy — sa)
+(1=y)log(1 —o(sp — sa))]  (2)

where y = 1[r, < 7). This is equivalent to maxi-
mum likelihood estimation under the Bradley-Terry
model (Bradley and Terry, 1952), where P(a < b) =
o(sp — Sa)-

For continuous event times, we treat ordering as
a regression task:

Loont = ((sv = 5a) = (ty — ta))” 3)
where t,,t, € [0,1] are the normalized ground-truth
event times. Empirically, preserving actual temporal
distances via MSE significantly outperformed con-
verting them to binary labels for Binary Cross En-
tropy (BCE).

Normalized Staging Loss. Patient staging is
treated as a regression task using MSE. To ensure
that the loss remains comparable across datasets with
varying numbers of biomarkers, we normalize the
mean squared error by the square of the biomarker
count (B?%):

1|1
»Cstage = ? j Z(g]j - y;)z

Jj=1

(4)

where g; is the predicted stage and yj is the ground-
truth ordinal stage (See Section 4.1) for patient j.
This is equivalent to computing the loss on stages
normalized to [0, 1].

4. Synthetic Experiments & Results

Unless otherwise noted, all metrics below are in-
distribution: each model is evaluated on the 50 test
datasets from its own experimental configuration.
Cross-experiment results are reported separately in
the Cross-Experiment Generalization paragraph.

4.1. Low-Dimensional Experiments

We generated synthetic data following the framework
in the SA-EBM study (Hao et al., 2025) to evalu-
ate TEMPO under controlled conditions. The pri-
mary objective was to create synthetic cohorts that
closely mirror the characteristics of the real-world
ADNI dataset (Mueller et al., 2005). To achieve this,
we utilized the standard EBM algorithm (Fonteijn
et al., 2012; Young et al., 2014) to estimate the pre-
event (¢) and post-event (6) distribution parameters
for 12 key biomarkers commonly reported in previous
studies (Cs et al., 2025; Young et al., 2014; Archetti
et al., 2019). We adopted the data processing pipeline
on ADNI from the SA-EBM work (Hao et al., 2025).
See Section 5 and Appendix D for details on ADNI.

Experiment Design. We conducted nine experi-
ments (Fig. 2; full details in Appendix B), varying five
generative dimensions: the type of biomarker event
times (&: discrete integers vs. near-normal contin-
uous), the patient stage type (k;: ordinal vs. con-
tinuous), the stage prior (Dirichlet-Multinomial vs.
Uniform for ordinal; Beta(5,2) for continuous), the
measurement model (EBM binary-switch vs. Sigmoid
progression), and the biomarker distribution (Nor-
mal vs. Non-Normal for EBM measurement model).
This design enables controlled comparisons: EBM vs.
Sigmoid measurement (Exp. 5 vs. 6; Exp. 8 vs. 9),
Normal vs. Non-Normal biomarkers (Exp. 1 vs. 2;
Exp. 3 vs. 4; Exp. 6 vs. 7), DM vs. Uniform stage
prior (Exp. 1 vs. 3; Exp. 2 vs. 4), and discrete vs.
continuous event times (Exp. 5 vs. 8; Exp. 6 vs. 9).

Benchmarking Baselines. We compared TEMPO
against a comprehensive suite of EBM variants: (1)
SA-EBM (Hao et al., 2025); (2) UCL-KDE and UCL
GMM (Firth et al., 2020); and (3) DEBM and DEBM
GMM (Venkatraghavan et al., 2019). For each of
the nine experiments, we generated 50 independent
test datasets (50 x 9 = 450 total) with randomized
ground-truth event sequences and patient stages to
ensure statistical rigor.

Since baseline algorithms produce only ordinal pa-
tient stage estimates, all methods, including TEMPO,
are evaluated against ordinal ground truth for the
patient staging task. For experiments with contin-
uous stages (5-9), this requires converting k; to an
ordinal stage y; = |b: & < k;| (the count of biomark-
ers whose event time has been reached). For TEMPO
training, the staging loss (Eq. 4) in Exp. 5-9 can use
either the original continuous k; or the converted or-
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Figure 2: Design Matrix of Synthetic Experi-
ments. The nine experiments represent
diverse disease hypotheses.

dinal y;. We tested both; training with ordinal labels
yields slightly better results, likely because training
and evaluation targets share the same integer scale.

Simulation-Based Supervised Learning
(SBSL). Unlike the baseline algorithms which
perform inference directly on the test data, TEMPO
follows a supervised paradigm. For each experiment,
we generated 1,000 additional datasets (950 for
training, 50 for wvalidation) with known ground-
truth sequencing and staging labels. TEMPO was
trained for 25 iterations using an NVIDIA L40S
(48 GB). The total training time for each of the
nine low-dimensional experiments was 5 minutes,
demonstrating significant computational efficiency.

Inference and Cross-Experimental Validation.
During the evaluation phase, we applied each of
the nine trained models to all 450 test datasets,
completing the full 9x450 inference in under one
minute (/55 seconds). This design evaluates both in-
distribution performance (e.g., Exp. 1 model tested
on Exp. 1 data) and out-of-distribution generalization
(e.g., Exp. 1 model tested on Exp. 9 data with con-
tinuous event times). To ensure a fair comparison, all
benchmarking algorithms were evaluated on the same
datasets using a dedicated CPU cluster (Center for
High Throughput Computing, 2006) with the same
configurations (e.g., number of MCMC iterations) as
in Hao et al. (2025).

4.2. Low Dimensional Results

We report the results for the low-dimensional experi-
ments in Fig. 3, with per-experiment breakdowns pro-
vided in Appendix C.1 (Fig. 6 and 7).

Overall Performance. TEMPO substantially out-
performs all benchmarking algorithms on both the
event sequencing and patient staging tasks across all
nine experimental conditions. For event sequencing,
TEMPO achieved a mean normalized Kendall Tau
distance of 0.057 &+ 0.004 (mean + 95% CI), com-
pared to SA-EBM at 0.121 + 0.007, DEBM GMM at
0.200+0.010, DEBM at 0.231£0.009, UCL GMM at
0.2324+0.012, and UCL KDE at 0.333 £0.011. Rela-
tive to the state-of-the-art SA-EBM, TEMPO reduced
the normalized Tau distance by 52.89%. For patient
staging, TEMPO achieved a mean MAE of 0.678 +
0.016, followed by SA-EBM (0.908 + 0.041), DEBM
GMM (1.175 £+ 0.044), DEBM (1.212 4+ 0.040), UCL
GMM (1.21440.047), and UCL KDE (1.924+0.050).
TEMPO reduced the staging MAE by 25.33% com-
pared to SA-EBM.

Per-Experiment Performance. Table 2 in Ap-
pendix C.1 presents the per-experiment results for
event sequencing and patient staging. TEMPO
achieved the lowest Tau distance in all nine exper-
iments. For sequencing, TEMPO’s normalized Tau
distance ranged from 0.013 (Exp. 3) to 0.091 (Exp.
9), consistently outperforming SA-EBM, whose val-
ues ranged from 0.069 (Exp. 3) to 0.154 (Exp. 8). For
staging, TEMPO’s MAE ranged from 0.518 (Exp. 6)
to 0.870 (Exp. 4), while SA-EBM ranged from 0.598
(Exp. 3) to 1.260 (Exp. 5). In Experiments 3 and 4
(Uniform stage prior), SA-EBM achieved marginally
lower staging MAE than TEMPO (0.598 vs. 0.599 and
0.742 vs. 0.870, respectively), suggesting that the uni-
form stage distribution is a relatively easy condition
for the simpler EBM staging approach.

Cross-Experiment Generalization. To assess
the transferability of learned progression logic across
different generative frameworks, we performed cross-
experiment evaluation where models trained on one
experimental condition were tested on all nine con-
ditions. Tables 4 and 5 in Appendix C.1 present the
complete cross-experiment matrices.

For event sequencing, the model trained on Exp. 8
(Sigmoid & continuous event times) achieved the best
cross-experiment generalization (row mean: 0.116).
Controlled pairwise comparisons of 7 row means iso-
late the effect of each generative factor. (1) EBM
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Figure 3: Performance on Low Dimensional Experiments. Comparisons across (A) sequencing and
(B) staging (MAE) performances. Boxes represent IQR, black lines median, and white diamonds
mean. Individual results of 450 test datasets are displayed as ordered strip-plots (Exp 1 — 9).
Tau = 0 indicates perfect alignment. The maximum of staging MAE is 12. TEMPO demonstrates
superior accuracy and significantly lower variance across all experimental conditions.

vs. Sigmoid: EBM-trained models generalize worse
than Sigmoid-trained models in both pairs (Exp. 6
vs. 5: 0.178 vs. 0.148; Exp. 9 vs. 8: 0.165 vs. 0.116),
suggesting that training on Sigmoid-model data im-
proves cross-experiment robustness. (2) Normal
vs. Non-Normal biomarkers: Normal distribu-
tions yield worse generalization (Exp. 1 vs. 2: 0.150
vs. 0.143; Exp. 3 vs. 4: 0.156 vs. 0.132; Exp. 6 vs.
7: 0.178 vs. 0.141). (3) Discrete vs. continuous
event times: Continuous event times improve gener-
alization under Sigmoid (Exp. 5 vs. 8: 0.148 vs. 0.116)
and marginally under EBM (Exp. 6 vs. 9: 0.178 vs.
0.165). We also report sequence MAE in Table 3 and
Fig. 8 in Appendix C.1.

For patient staging, ordinal-stage models (Exp 1-
4) achieved a mean row-mean MAE of 1.47, compared
to 1.22 for continuous-stage models (Exp 5-8). Exp 9
is an outlier (row mean: 1.49), closer to the ordinal
group than the other continuous-stage models. The
full cross-experiment stage MAE matrix is provided
in Table 5 in Appendix C.1.

Variance and Stability. Beyond mean perfor-
mance, TEMPO demonstrated substantially lower
variance across experimental conditions (Fig. 3). For

sequencing, TEMPO’s standard deviation across the
450 test datasets was 0.041, compared to 0.080 for
SA-EBM, 0.096 for DEBM, 0.113 for DEBM GMM,
0.119 for UCL KDE, and 0.127 for UCL GMM. For
staging, TEMPO’s standard deviation was 0.168, com-
pared to 0.446 for SA-EBM, 0.433 for DEBM, 0.478
for DEBM GMM, 0.503 for UCL GMM, and 0.543
for UCL KDE. This lower variance, combined with
superior mean performance, indicates that TEMPO is
both more accurate and more consistent across ex-
perimental conditions.

4.3. High Dimensional Experiments

To evaluate scalability to larger biomarker sets, we
generated high-dimensional synthetic datasets with
B = 100 biomarkers whose distribution parame-
ters are exactly the same as reported in Hao and
Austerweil (2025). Other configurations remained
identical to the low-dimensional study (Section 4.1).
We benchmarked all five baseline algorithms in the
high-dimensional setting; average runtimes per test
dataset were: DEBM (4.9 min), DEBM GMM (5.0
min), UCL GMM (11.7 min), UCL KDE (12.4 min),
and SA-EBM (55.1 min). After a one-time training
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cost of 47 minutes per experiment, TEMPO performs
inference on each test dataset in less than a second.

4.4. High Dimensional Results

We report the high-dimensional results in Fig. 9,
with per-experiment breakdowns provided in Ap-
pendix C.2 (Fig. 10 and 11).

Overall Performance. TEMPO outperformed all
baselines on both event sequencing and patient stag-
ing tasks. For sequencing, TEMPO achieved a mean
normalized Tau distance of 0.081 £ 0.002 (mean +
95% CI), compared to SA-EBM at 0.197 £ 0.007,
DEBM GMM at 0.212 4+ 0.005, DEBM at 0.245 +
0.004, UCL GMM at 0.297 + 0.014, and UCL KDE
at 0.501 & 0.005. This represents a 58.88% reduc-
tion in Tau distance relative to SA-EBM. For staging,
TEMPO achieved a mean MAE of 3.24 4+ 0.06, com-
pared to SA-EBM (8.33+£0.43), DEBM (7.31+0.23),
DEBM GMM (9.33+0.51), UCL GMM (21.93+1.34),
and UCL KDE (44.59 £ 0.79). Notably, DEBM
achieves lower staging MAE than SA-EBM in the
high-dimensional setting (7.31 vs. 8.33), reversing the
low-dimensional ranking. Still, TEMPO reduces stag-
ing MAE by 55.68% relative to DEBM and 61.10%
relative to SA-EBM.

Per-Experiment Performance. Table 6 (and
Figures 10-11 for all baselines) in Appendix C.2
presents the per-experiment results. TEMPO achieved
the lowest Tau distance and staging MAE in all nine
experiments. For sequencing, TEMPO’s Tau distance
ranged from 0.042 (Exp 3) to 0.110 (Exp 7), out-
performing SA-EBM whose values ranged from 0.155
(Exp 9) to 0.247 (Exp 2). For staging, TEMPO’s MAE
ranged from 2.61 (Exp 1) to 4.27 (Exp 4), while SA-
EBM ranged from 4.79 (Exp 9) to 12.99 (Exp 2).

Comparison with Low-Dimensional Results.
Compared to the low-dimensional setting (B =
12), TEMPO’s sequencing Tau distance increased by
42.11% (from 0.057 to 0.081), while SA-EBM’s in-
creased by 62.81% (from 0.121 to 0.197). Unlike Tau
distance, which is scale-free (a ratio of discordant
pairs bounded in [0, 1]), staging MAE scales with B
and must be normalized for cross-scale comparison.
When normalized by B, TEMPO improves by —42.7%
(from 0.057 to 0.032), DEBM by —27.6% (0.101 to
0.073), and DEBM GMM by —4.7% (0.098 to 0.093),
while SA-EBM worsens by +10.0% (0.076 to 0.083),
UCL GMM by +116.8% (0.101 to 0.219), and UCL
KDE by +178.1% (0.160 to 0.446).

Cross-Experiment Generalization. Tables 8
and 9 in Appendix C.2 present the complete cross-
experiment matrices for the high-dimensional setting.

For sequencing, the model trained on Exp 8 again
achieved the best cross-experiment generalization
(row mean: 0.152), followed by Exp 5 (0.167) and
Exp 4 (0.168). Controlled pairwise comparisons re-
veal consistent patterns at scale. (1) EBM vs. Sig-
moid: EBM-trained models again generalize worse in
both pairs (Exp. 6 vs. 5: 0.184 vs. 0.167; Exp. 9 vs. 8:
0.199 vs. 0.152), consistent with the low-dimensional
findings. (2) Normal vs. Non-Normal biomark-
ers: Non-Normal distributions improve generaliza-
tion across all three pairs (Exp. 1 vs. 2: 0.193 vs.
0.170; Exp. 3 vs. 4: 0.187 vs. 0.168; Exp. 6 vs. 7: 0.184
vs. 0.172). (3) Discrete vs. continuous event
times: Continuous event times improve generaliza-
tion under Sigmoid (Exp. 5 vs. 8: 0.167 vs. 0.152),
but not under EBM (Exp. 6 vs. 9: 0.184 vs. 0.199).
We also report sequence MAE in Table 7 and Fig. 12
in Appendix C.2.

For patient staging, ordinal-stage models (Exp 1-
4) and continuous-stage models (Exp 5-8) achieve
comparable mean row-mean MAE (10.20 vs. 9.97).
Exp 9 again emerges as an outlier (row mean: 14.37).
The full cross-experiment stage MAE matrix is pro-
vided in Appendix C.2.

Variance and Stability. TEMPO also exhibited
substantially lower variance than all baselines in the
high-dimensional setting. For sequencing, TEMPO’s
standard deviation across the 450 test datasets was
0.022, compared to 0.072 for SA-EBM. For staging,
TEMPO’s standard deviation was 0.68, compared to
4.68 for SA-EBM. The lower variance indicates that
TEMPO’s performance is more consistent even as di-
mensionality increases.

5. Real-World Experiments & Results

We used the ADNIMERGE table from the Alzheimer’s
Disease Neuroimaging Initiative (ADNI, Mueller
et al., 2005), last updated September 7, 2023. The
ADNI was launched in 2003 as a public-private part-
nership, led by Principal Investigator Michael W.
Weiner, MD. The primary goal of ADNI has been
to test whether serial magnetic resonance imaging
(MRI), positron emission tomography (PET), other
biological markers, and clinical and neuropsychologi-
cal assessment can be combined to measure the pro-
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exp8: Biomarker Event Timeline (Normalized 0-1)
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Figure 4: Continuous Temporal Spacing of Biomarker Abnormality (Exp. 8). The timeline illus-
trates the estimated time to reach a threshold of abnormality, generated by a representative model
(Exp 8). The horizontal axis is min-max normalized to [0, 1], where 0 corresponds to the first
biomarker becoming abnormal and 1 to the last; larger gaps indicate greater temporal separation.
Unlike discrete rankings, this visualization captures the temporal clustering of biomarker events:
a dense structural onset cluster (¢ < 0.2) of medial temporal atrophy, a prolonged preclinical gap
with no detected events (¢t ~ 0.2-0.5), a cognitive-amyloid phase (¢ ~ 0.5-0.7), and a terminal
acceleration (¢t > 0.8) of tau pathology and global neurodegeneration.

gression of mild cognitive impairment (MCI) and
early Alzheimer’s disease (AD).

We report our data processing procedure in Ap-
pendix D. To establish the characteristic sequence of
AD progression, we applied all nine TEMPO models
trained on the low-dimensional synthetic experiments
to the ADNI cohort. Each model produced an order-
ing of the 12 biomarkers. We computed biomarkers’
mean ranks across models to obtain a consensus se-
quence (Figure 13) and report per-model orderings in
Table 10. See Appendix D for details.

Consensus Biomarker Ordering. The consen-
sus sequence reveals a pathological cascade progress-
ing from focal medial temporal atrophy, through cog-
nitive decline and amyloid accumulation, to late-
stage tau pathology and global neurodegeneration:

Entorhinal — MidTemp — Fusiform — ADAS13 —
RAVLT_immediate — ABETA — Hippocampus —
MMSE — PTAU — TAU — Ventricle — WholeBrain

The earliest events involve structural changes in
the medial temporal lobe, Entorhinal (mean rank
1.7 £ 0.9 SD) and MidTemp (2.0 &= 1.0), alongside
cortical thinning (Fusiform, 3.6 £ 1.4) and compos-
ite cognitive symptoms (ADAS13, 3.8 + 1.6). This
ordering is broadly consistent with the hypothesized
progression of structural MRI abnormalities from me-
dial temporal to more lateral temporal regions (Jack

et al., 2010) and that Entorhinal gets pathological
first is consistent with Braak staging (Braak and
Braak, 1991).

The middle phase is characterized by episodic
memory decline (RAVLT_-immediate, 4.6 £+ 1.0),
amyloid-8 accumulation (ABETA, 5.6 &+ 0.7), hip-
pocampal atrophy (Hippocampus, 7.0 £+ 0.5), and
global cognitive decline (MMSE, 8.0 & 0.5). Since
MMSE is less sensitive to mild cognitive impair-
ment (Tombaugh and McIntyre, 1992), it makes sense
that its abnormality occurred the last among the
three cognitive measurements. The early onset of
structural MRI changes and the middle phase is
consistent with the finding in Jack Jr et al. (2009)
that neurodegeneration occurs prior to and progresses
alongside cognitive decline. That ABETA abnormal-
ity occurred prior to tau pathology is consistent with
the cascade hypothesis by Jack et al. (2010). Note
that although our result is inconsistent with the hy-
pothetical cascade of ABETA — CSF tau — MRI
changes — cognitive decline (Jack et al., 2010), it is
broadly consistent with the “Neurodegeneration-first
biomarker model of late-onset AD” (Jack and Holtz-
man, 2013).

In the later phase, PTAU (9.1 £ 0.6) and TAU
(9.8 £ 0.4) are inferred to become pathological af-
ter hippocampal atrophy and global cognitive decline,
followed by late clustering of ventricular enlargement
(11.2 +£ 0.4) and whole-brain atrophy (11.8 £ 0.4).
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While the relative placement of CSF tau biomark-
ers should be interpreted cautiously, this late clus-
tering of global neurodegenerative markers is broadly
consistent with evidence that ventricular enlargement
increases with clinical severity and is associated with
worsening cognition (Jack Jr et al., 2009).

Continuous Temporal Spacing. A key advan-
tage of TEMPO is its ability to estimate continu-
ous temporal spacing between biomarker events from
cross-sectional data, a capability that remains chal-
lenging for traditional EBMs. Models trained on Exp
8 and 9 (continuous event times) produce such esti-
mates. Fig. 4 shows the Exp 8 timeline (Sigmoid
measurement model); the Exp 9 timeline (EBM mea-
surement model) is shown in Fig. 14 (Appendix D).

The timeline shows that biomarker events cluster
into distinct phases: (1) a structural onset cluster
(t < 0.2) comprising medial temporal atrophy (En-
torhinal, MidTemp, Fusiform); (2) a prolonged pre-
clinical gap (¢t ~ 0.2-0.5) with no detected events;
(3) a cognitive-amyloid phase (¢t &~ 0.5-0.7) encom-
passing episodic memory decline (RAVLT, ¢ = 0.49),
amyloid accumulation (ABETA, ¢ = 0.53), compos-
ite cognitive symptoms (ADAS13, ¢ = 0.58), and
hippocampal atrophy (¢ = 0.68); and (4) a termi-
nal acceleration (¢ > 0.8) of global cognitive decline
(MMSE), tau pathology (PTAU, TAU), and global
neurodegeneration (WholeBrain, Ventricle).  This
timeline is broadly consistent with the consensus se-
quence while providing temporal spacing as a direct
model output rather than an artifact of rank averag-
ing. The Exp 9 timeline (Fig. 14, Appendix), under
the EBM measurement model, is similar to that of
Exp 8.

Staging Validation by Diagnosis Group. We
report the average predicted ordinal stage (out of 12)
for each ADNI diagnosis group across all nine models
(Table 11, Appendix D). The mean predicted stages
(CN: 0.06, EMCI: 5.52, LMCT: 8.52, AD: 10.68) in-
crease monotonically with clinical severity, demon-
strating that TEMPO’s staging aligns well with es-
tablished disease categories without using diagnosis
labels as an explicit training objective.

6. Discussion

In this work, we introduced TEMPO, a Transformer
architecture for learning continuous disease progres-
sion over biomarkers from cross-sectional data. By

treating biomarkers and patients as tokens and lever-
aging simulation-based supervised learning, TEMPO
achieves state-of-the-art performance on both event
sequencing and patient staging tasks, reducing nor-
malized Kendall Tau distance by 52.89% and stag-
ing MAE by 25.33% compared to SA-EBM in low-
dimensional experiments, with larger reductions in
high-dimensional settings (58.88% and 61.10%, re-
spectively). Beyond performance gains, TEMPO en-
ables continuous temporal spacing estimation from
purely cross-sectional data and provides a framework
for rapid validation of generative hypotheses, both
capabilities challenging through traditional EBMs.

A key finding from the cross-experiment evalua-
tion is that training on more general biomarker dis-
tributions improves cross-experiment generalization
for sequencing. Two factors consistently improve this
generalization: the Sigmoid measurement model (vs.
EBM binary-switch) and non-normal biomarker dis-
tributions (vs. Normal). The Sigmoid effect ranges
from 0.017-0.049 per pairwise comparison across
scales (Exp. 6 vs. 5; Exp. 9 vs. 8); the non-normal
effect from 0.007-0.037 (Exp. 1 vs. 2; Exp. 3 vs. 4;
Exp. 6 vs. 7). Continuous event times provide an ad-
ditional benefit under the Sigmoid model (Exp. 5 vs.
8: 0.148 — 0.116 at 12 biomarkers, 0.167 — 0.152 at
100 biomarkers) but not consistently under EBM.

The mechanistic explanation unifies both effects.
EBM assumes clean bimodal Gaussian distributions
for pre- and post-event biomarker measurements.
The Sigmoid model produces gradual post-event
transitions that deviate from this assumption; non-
normal distributions deviate from it in a different
way. Both represent distributional diversity beyond
the clean Gaussian bimodal pattern. A model trained
on these richer conditions has seen more diverse mea-
surement patterns and generalizes to the simpler
EBM/Normal case. The reverse does not hold: mod-
els trained on Normal distributions (Exp. 1 and 3)
achieve 7 = 0.18-0.26 when tested on non-normal
data (Exp. 2 and 4), whereas models trained on non-
normal distributions achieve only 7 = 0.02-0.10 on
Normal data—a two- to threefold gap.

TEMPO also scales favorably in patient staging.
As shown in Section 4.4, TEMPO’s normalized stag-
ing MAE decreases with dimensionality, while SA-
EBM’s worsens. SA-EBM jointly infers the event
sequence, stage assignments, and biomarker distri-
bution parameters via MCMC over a B-dimensional
stage space; as B grows, this joint inference becomes
increasingly costly to converge. DEBM estimates
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biomarker distribution parameters independently as
a preprocessing step and finds a consensus ordering
via greedy adjacent swaps from per-patient orderings,
and thus scales more favorably. This is consistent
with DEBM surpassing SA-EBM in absolute staging
MAE at B = 100 (7.31 vs. 8.33), a reversal of the low-
dimensional ranking. TEMPO’s substantially stronger
relative gain (42.7% vs. 27.6% and 4.7% for DEBM
and DEBM GMM) suggests that its patient-level at-
tention benefits from additional biomarker tokens.

An important contribution of TEMPO is its utility
as a learned proxy for likelihood functions: trained
on synthetic data from any generative framework, it
can be applied to real-world data without requiring
manual derivation of inference algorithms. This is
especially valuable for frameworks such as Experi-
ments 5-9 that introduce continuous patient stages
or Sigmoid measurement models, where deriving ded-
icated inference algorithms would require substantial
additional effort. By training multiple TEMPO mod-
els on different generative hypotheses and comparing
their outputs on real data, researchers can empiri-
cally assess which underlying assumptions best align
with observed clinical reality.

Applied to ADNI, the nine TEMPO models pro-
duced similar biomarker orderings (Table 10, Ap-
pendix D). The consensus sequence (Section 5) and
the continuous timelines from Exp 8 (Fig. 4) and
Exp 9 (Fig. 14) are broadly consistent with the
“Neurodegeneration-first biomarker model of late-
onset AD” (Jack and Holtzman, 2013) and with ev-
idence that ventricular enlargement increases with
clinical severity and cognitive decline (Jack Jr et al.,
2009). Specifically, our results suggest early me-
dial temporal atrophy, followed by ABETA abnor-
mality and cognitive decline, with CSF tau pathol-
ogy, ventricular expansion and global neurodegener-
ation clustering late in the inferred disease course.
We caution that this cohort-derived ordering should
be interpreted as an empirical disease progression in
ADNI rather than a definitive biological timeline of
Alzheimer’s disease.

We emphasize that TEMPO is not intended to re-
place EBMs or other generative frameworks. Rather,
it depends on them to generate synthetic data with
ground-truth labels for supervised training. The
value of TEMPO lies in its ability to perform fast,
accurate inference once trained, and to enable rapid
comparison across multiple generative hypotheses
without requiring manual derivation of inference al-
gorithms for each. As such, a potential criticism

of TEMPO is its dependence on the correctness of
the generative model: if the generative framework
is flawed, the trained model may be unreliable. How-
ever, this criticism highlights TEMPO’s strength as
a validation tool: by comparing model performance
across frameworks and assessing biological plausibil-
ity on real data, researchers can identify which gen-
erative assumptions are most appropriate. Our re-
sults support this utility: models incorporating Sig-
moid measurement models or non-normal biomarker
distributions generalize better across conditions (Sec-
tion 4), suggesting these as preferred training choices
when the true generative process is unknown. TEMPO
is intended to be retrained for each target dataset:
biomarker distribution parameters are first estimated
from the real data, then used to generate synthetic
training data with ground-truth labels. Training
is computationally efficient (5 minutes per experi-
ment in the low-dimensional setting; approximately
47 minutes in the high-dimensional setting).

7. Limitations & Future Work

An important interpretive nuance concerns diagnos-
tic labels. TEMPO and SA-EBM incorporate diag-
nosis labels as input features during training and in-
ference, whereas DEBM and UCL variants use them
only for estimating biomarker distribution parame-
ters. TEMPO’s use of labels is consistent with clinical
practice; future work could explore a label-free vari-
ant for settings where diagnosis is uncertain.

TEMPO models a single population-level trajectory
from cross-sectional data, accommodating neither pa-
tient subtypes nor longitudinal observations. Extend-
ing it to longitudinal data could be achieved by treat-
ing visits as tokens within patient trajectories or by
anchoring timeline estimates using repeated measure-
ments, similar to TEBM (Wijeratne et al., 2023).
Handling heterogeneous subtypes is a more challeng-
ing direction we leave to future work.

We validated TeEMPO on ADNI, a well-
characterized Alzheimer’s disease cohort.  Eval-
uation on additional datasets, e.g., NACC (National
Alzheimer’s Coordinating Center, 2025) and other
neurodegenerative  diseases  (e.g.,  Parkinson’s,
Huntington’s) would strengthen claims about gen-
eralizability. Our synthetic evaluation covered
B =12 and B = 100 biomarkers; whether TEMPO’s
advantages persist under extreme high-dimensional
settings remains an open question for future work.
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Appendix A. TEMPO Architecture

Event Sequencing Patient Staging
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s e RE JER

Ranking Head
Add & Norm
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- >[Abnorma1ity Detector a] (@ psdj,o(sp)) € [0,1]
Input Embed Input Embed

X e rIX(B+1) X e rIX(B+1)

(2) (b)

Add & Norm

Biomarker
Transformer

Figure 5: Tempo Architecture. (a) Sequencing Branch: Patient data is encoded and mean-pooled
across the cohort to produce per-biomarker tokens; a Transformer processes these tokens to output
ranking scores s € RP encoding the temporal order of biomarker abnormality. (b) Staging
Branch: A shared Abnormality Detector takes the raw measurement x;;, disease label d;, and
sigmoid-normalized ranking score o(sp) to produce per-biomarker abnormality probabilities. A
Stage Encoder projects each patient’s abnormality profile into a latent space, which is then refined
by a Stage Transformer via cross-patient attention to predict individual stages. Notations: B:
number of biomarkers; J: participants per batch; B + 1 includes the binary disease label. For
implementation, please refer to https://github.com/jpcca/tempo/blob/main/tempo.py.

Appendix B. Experiment Setup

Table 1 lists the nine synthetic experiments and their key generative dimensions. Throughout, we use pre-
event (¢p) and post-event () to describe the state of a biomarker, and healthy vs. diseased for participant
status.

Event times &,. For discrete experiments (1-7), the event time of biomarker b equals its ordinal rank in
the ground-truth sequence: &, € {1,..., B}.

For continuous experiments (8-9), event times are drawn from a near-normal distribution: &, ~ Beta(2,2)-
B, giving values distributed roughly symmetrically over [0, B]. An independent per-participant noise term
ey ~ N (0, B-0.05) is then added to each &, in these two experiments.

Patient disease stage k;. For ordinal experiments (1-4), each diseased participant is assigned k; €
{1,...,B}:
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Table 1: Configuration of synthetic experiments. FExperiments 1 & 3 follow standard EBM assump-
tions (Fonteijn et al., 2012): discrete event times, ordinal stages with either a Dirichlet-Multinomial
(DM) or Uniform stage prior, and Gaussian biomarker distributions. Experiments 2 & 4 introduce
a misspecification: non-Gaussian biomarker distributions. Experiments 59 introduce continuous
patient stages (k; ~ Beta(5,2) - B), which no baseline algorithm models explicitly. Within this
group, Experiments 5 and 8 apply a Sigmoid measurement model (full misspecification relative to
EBM), while Experiments 6, 7, and 9 retain the EBM binary-switch measurement with continu-
ous stages (partial misspecification). Experiments 8 and 9 further use near-normally distributed
continuous event times. Pre-event baseline A/( i, ¢7) for all participants; diseased participants
additionally receive a sigmoid deviation (see Sigmoid measurement model).

Exp. Event Times &, Stage Type Stage Prior Meas. Model Biomarker Dist.

1 Discrete {1,...,B} Ordinal Dir.-Mult. EBM Normal

2 Discrete {1,...,B} Ordinal Dir.-Mult. EBM Non-Normal

3 Discrete {1,...,B} Ordinal Uniform EBM Normal

4 Discrete {1,...,B} Ordinal Uniform EBM Non-Normal

5 Discrete {1,...,B} Continuous Beta(5, 2) Sigmoid Normal — Sigmoid?
6 Discrete {1,...,B} Continuous Beta(5,2) EBM Normal

7 Discrete {1,...,B} Continuous Beta(5,2) EBM Non-Normal

8 Beta(2,2)-B + noise  Continuous Beta(5,2) Sigmoid Normal — Sigmoid'
9 Beta(2,2)-B + noise Continuous Beta(5,2) EBM Normal

e Dirichlet-Multinomial (Dir.-Mult.) prior (exp. 1, 2): stage probabilities 7w are drawn from Dirichlet(cx),
where the concentration vector a is constructed to follow a Gaussian-shaped profile over stages, with
ay, € [0.35, 4.25], centered at (B —1)/2, and width ¢, = B/6. This induces a roughly bell-shaped stage
distribution.

e Uniform prior (exp. 3, 4): 7 ~ Dirichlet(100,...,100), giving approximately equal stage frequencies.

For continuous experiments (5-9), k; ~ Beta(5,2) - B, clipped to (0, B], for diseased participants (skewed
toward later stages) and k; = 0 for healthy participants.

EBM measurement model. Each biomarker measurement is drawn from either the pre-event or post-
event component depending on whether the biomarker’s event time has been reached:

N0y, 07) if kj > & (post-event state),
e (5)

N (¢, ¢7) otherwise (pre-event state).

For non-normal experiments (2, 4, 7), the Gaussian is replaced by a randomly selected composite distribution.
At the start of each dataset, each biomarker independently and uniformly draws one of six distribution
families listed below; all families use the biomarker’s own (u,o) as location and scale. After sampling,
additive noise NV(0, (0.20)?) is applied and the result is clipped to [u£50]. Here s € {—1,+1} and v € {0, 20}
are drawn uniformly per element.

1. Triangular / Normal / Exponential (equal thirds): Tri(u—20, u—1.50, u); N (u+o, (0.30)?);
Exp(0.70) + (u—0.50).

2. Pareto / Uniform / Logistic (equal thirds): Pareto(1.5) - o + (u—20); U(p—1.50, p+1.50);
Logistic(u, o).

3. Beta / Signed-Exp / Spike-Normal (equal thirds): Beta(0.5,0.5) - 40 + (u—20); Exp(0.40) - s+ y;
N(p, (0.50)%) + v.
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4. Gamma / Weibull / Shifted-Normal (equal thirds): Gamma(2, 0.50)+(u—0c); Weibull(1)-c+(u—0o);
N(u, (0.50)%) + 0.

5. Heavy-tailed Cauchy (single component): Cauchy(u, o) + N (0, (0.20)?), clipped to [p =+ 40].
6. Bimodal (10% / 90% split): N (u, (0.20)?) [10%] + Logistic(u+a, 20) [90%)].

Sigmoid measurement model. All participants receive a pre-event baseline: xg{b ~ N (¢}, ¢7). Healthy
participants retain this value (x;, = a:‘;’b). For diseased participants, a sigmoid shift modulates the deviation
from the pre-event state:

Ry,
14 e—po(k;i—8&)’

(6)

where R, = 0}’ — ¢} is the maximum post-event shift, p, = max(1, |Ry| /\/(67)? + (67)?) controls the
transition rate, and 0, = (—1)% with Z, ~ Bernoulli(0.5), drawn independently per biomarker once per
dataset. When k; < &, the shift approaches 0 (pre-event state); when k; > &, it approaches 6, Ry, (post-
event state). This model is inspired by Jack et al. (2010), Venkatraghavan et al. (2019), and Young et al.
(2015).

0
Tjp = Ty + & -

Biomarker parameters. Pre-event (¢) and post-event (6),) parameters for the 12 low-dimensional
biomarkers are estimated from ADNI using the standard EBM algorithm (Section D). For the 100-biomarker
high-dimensional experiments, parameters are sampled as described in Hao and Austerweil (2025).
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Appendix C. Experimental Results

C.1. Low Dimensional
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[ SA-EBM (0.121 + 0.007) B DEBM (0.231 + 0.009) [ UCLKDE (0.333 + 0.011)

Figure 6: Detailed Event Sequencing Performance (Low-Dimensional). Comparison of normal-
ized Tau distance (lower is better) across all nine synthetic experiments (B = 12). Each panel
corresponds to a unique generative hypothesis defined in Table 1, ranging from standard EBM as-
sumptions (Exp 1-4) to continuous-stage frameworks with Sigmoid and EBM measurement models
(Exp 5-9). TEMPO (blue) consistently achieves the lowest distance across all conditions, demon-
strating superior robustness even when the underlying biomarker distributions are non-Gaussian
or non-linear. Error bars represent 95% confidence intervals across the 50 test datasets in each
experiment.
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Figure 7: Detailed Patient Staging Performance (Low-Dimensional). Comparison of staging Mean
Absolute Error (MAE, lower is better) across nine experimental conditions (B = 12). The grid il-
lustrates TEMPO’s performance stability across varying patient stage distributions and biomarker
transition logics. TEMPO maintains a significant performance margin over baseline EBMs in
continuous-stage experiments (Exp 5-9), which introduce varying degrees of model misspecifica-
tion. Error bars represent 95% confidence intervals across the 50 test datasets in each experiment.
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Figure 8:
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Generalization Matrix: Sequence MAE Across Conditions (Low Dimensional)
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Cross-Condition Sequence Generalization (Low Dimensional). Heatmap of Sequence
MAE across 81 training and testing permutations (B = 12). Red squares along the diagonal
denote in-domain performance. Columns 5 and 8 (Sigmoid-generated test data with continuous
event times) tend to have higher col-mean errors due to scale differences from discrete-event-time
experiments. Among trained models, Exp 8 (Sigmoid with continuous event times) achieves the
lowest row-mean error (1.370), while Exp 9 (EBM with continuous event times, row mean 1.763)
generalizes least well, confirming that the Sigmoid measurement model-—mnot continuous event
times alone—drives cross-experiment robustness.
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Table 2: Per-Experiment Performance (Low Dimensional). Mean normalized Tau distance and stag-
ing MAE with 95% confidence intervals. Since we have 12 biomarkers, the maximum stage error is
12. Lower values indicate better performance. TEMPO achieves the lowest Tau distance across all
experiments. For staging MAE, SA-EBM achieves marginally lower error in Experiments 3 and 4

Table 3: Cross-Condition Sequence MAE Generalization (Low Dimensional). Mean Absolute Er-
ror (MAE) between predicted and ground-truth event times across training and testing environ-
ments, normalized to the ground-truth event-time scale.
domain performance; off-diagonal entries indicate out-of-distribution generalization.

TEMPO: TRANSFORMERS FOR TEMPORAL DISEASE PROGRESSION

(Uniform stage prior).

Tau Distance |

Staging MAE |

Exp TEMPO SA-EBM TEMPO SA-EBM

1 0.047 +£0.008 0.136 £0.023 0.573 £0.029 0.976 + 0.156

2 0.072+£0.010 0.148+£0.022 0.839+£0.041 1.058 £ 0.145

3 0.013 £0.004 0.069 +£ 0.020 0.599 + 0.019 0.598 +0.079
4 0.037 +£0.006 0.079+0.024 0.870+0.035 0.742+0.097
5 0.041 £0.007 0.136 £0.024 0.612+0.028 1.260 £ 0.126

6 0.057 £0.009 0.112+£0.017 0.518 +0.032 0.926 +0.113

7 0.085+0.011 0.126 £0.018 0.751 +0.044 1.002 £ 0.110

8 0.073 £0.010 0.154+0.022 0.694 +0.045 0.909 + 0.106

9 0.091 £0.014 0.128 £0.022 0.652 + 0.032 0.704 + 0.087

Diagonal entries (bold) represent in-

Trained \Tested Exp1l Exp2 Exp3 Exp4 Exp5 Exp6 Exp7 Exp8 Exp9 Row Mean

Exp 1 0.693 1.754 0.475 1.716 2.171 1.010 1.812 1.977 0.961 1.397
Exp 2 0.954 0.994 0.641 0.774 2.732 1.288 1.225 2.589 1.459 1.406
Exp 3 0.951 1.724  0.397  1.620 2.138 1.307 1.781 1.973 1.361 1.473
Exp 4 1.039 1.049 0.498  0.629  2.550 1.421 1.313 2.447 1.493 1.382
Exp 5 1.492 2.216 1.622 2.458  0.639 1.224 2.155 0.773 1.102 1.520
Exp 6 1.051 1.831 1.297 2.055 2.718 1.009 1.813 2.357 1.029 1.685
Exp 7 1.057 1.191 0.703 1.038 2.623 1.088 1.106  2.458 1.392 1.406
Exp 8 1.353 2.013 1.306 2.242 0.778 1.088 1.946 0.672  0.932 1.370
Exp 9 1.196 1.856 1.456 2.039 3.110 0.891 1.840 2.650  0.828 1.763
Col Mean 1.087 1.626 0.933 1.619 2.162 1.147 1.666 1.988 1.173 1.489
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Table 4: Cross-Condition Tau Distance Generalization (Low Dimensional). Average normalized
Tau distance across training and testing environments. Diagonal entries (bold) represent in-domain
performance. This matrix illustrates the capability of transferred progression logic across disparate
pathological models.

Trained \Tested Exp1 Exp2 Exp3 Exp4 Exp5 Exp6 Exp7 Exp8 Exp9 Row Mean

Exp 1 0.047  0.188 0.028 0.200 0.242 0.059 0.194 0.291 0.102 0.150
Exp 2 0.061 0.072  0.034 0.058 0.301 0.087 0.099 0.376 0.196 0.143
Exp 3 0.065 0.178  0.013  0.178 0.227 0.092 0.195 0.286 0.169 0.156
Exp 4 0.072 0.079 0.020  0.037  0.246 0.100 0.108 0.341 0.183 0.132
Exp 5 0.112 0.219 0.150 0.248  0.041  0.109 0.224 0.085 0.149 0.148
Exp 6 0.065 0.188 0.100 0.212 0.318  0.057  0.199 0.352 0.106 0.178
Exp 7 0.064 0.086 0.043 0.086 0.282 0.082  0.085 0.374 0.172 0.141
Exp 8 0.082 0.178 0.051 0.182 0.044 0.095 0.204 0.073 0.132 0.116
Exp 9 0.051 0.182 0.026 0.186 0.327 0.060 0.192 0.371 0.091 0.165
Col Mean 0.069 0.152 0.052 0.154 0.225 0.083 0.167 0.283 0.144 0.148

Table 5: Cross-Condition Staging MAE Generalization (Low Dimensional). Mean Absolute Error
(MAE) between predicted and ground-truth patient stages across training and testing environments.
Diagonal entries (bold) represent in-domain performance. Values indicate the stability of staging
accuracy under varying pathological assumptions.

Trained \Tested Exp1l Exp2 Exp3 Exp4 Exp5 Exp6 Exp7 Exp8 Exp9 Row Mean

Exp 1 0.573  1.022 0.671 1.179 3.051 0.643 1.116 3.819 0.842 1.435
Exp 2 0.682  0.839  0.825 1.063 2.703 0.947 1.085 3.506 1.547 1.466
Exp 3 0.840 1.359  0.599 1.125 3.123 0.863 1.413 3.703 0.999 1.558
Exp 4 0.852 1.059 0.647 0.870  2.308 1.003 1.300 3.162 1.426 1.403
Exp 5 1.322 1.694 1.329 1.865 0.612  0.860 1.094 1.290 1.344 1.268
Exp 6 1.004 1.296 1.167 1.502 1.555  0.518  0.900 2.412 1.160 1.279
Exp 7 1.120 1.248 1.309 1.521 1.185 0.573  0.751 1.998 1.255 1.218
Exp 8 0.952 1.713 1.015 1.823 0.695 0.882 1.376  0.694  0.899 1.117
Exp 9 0.642 1.012 0.722 1.137 3.483 0.591 0.994 4.213  0.652 1.494
Col Mean 0.887 1.249 0.920 1.343 2.079 0.764 1.114 2.755 1.125 1.360
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C.2. High Dimensional
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Figure 9: High-Dimensional Performance. Comparison of TEMPO and SA-EBM across (A) sequencing
accuracy (Tau Distance) and (B) staging precision (MAE) for B = 100 biomarkers. Individual
results (N = 450) are displayed as ordered strip-plots (Exp 1 — 9). TEMPO maintains superior
performance in the high-dimensional setting.

Table 6: Per-Experiment Performance (High Dimensional, B = 100). Mean normalized Tau distance
and staging MAE with 95% confidence intervals. Lower values indicate better performance. TEMPO
achieves the lowest Tau distance and staging MAE across all nine experiments.

Tau Distance |

Staging MAE |

Exp TEMPO SA-EBM TEMPO SA-EBM

1 0.060 £0.002 0.227+0.024 2.61+0.07 11.96+1.76
2 0.086 £0.003 0.247+£0.024 4.03+0.11 12.99+1.73
3 0.042 +0.001 0.1724+0.020 2.65+0.06 6.91+0.93
4 0.071+£0.002 0.175£0.017 4.274+0.14 6.70£0.82
5 0.095£+£0.003 0.233£0.020 2.744+0.13 9.63£1.11
6 0.091 £0.002 0.189+0.018 2.944+0.07 8.29+£0.95
7 0.110 £0.004 0.198£0.014 3.42+0.11 8.34 £0.83
8 0.093+0.004 0.176£0.017 3.52+0.10 5.36 +0.58
9 0.082+0.004 0.155+£0.012 2.96+0.06 4.79+0.49
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Figure 10: High-Dimensional Event Sequencing Performance (B = 100). Comparison of normal-
ized Tau distance between TEMPO and SA-EBM across nine generative frameworks. In this
high-dimensional setting, TEMPO achieves a 58.88% mean reduction in Tau distance compared
to SA-EBM. The results demonstrate that TEMPO’s self-attention mechanism on biomarkers ef-
fectively captures pathological dependencies even as the feature space scales ten-fold from the
low-dimensional study. Error bars represent 95% confidence intervals across the 50 test datasets
in each experiment.
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Figure 11: High-Dimensional Patient Staging Performance (B = 100). Comparison of staging MAE
across nine experimental conditions using the Unified Transformer architecture. TEMPO achieves
a mean MAE reduction of 61.10% relative to SA-EBM. Notably, when normalized by the number
of biomarkers (M AE/B), staging error decreases from 5.7% (low-dimensional, B = 12) to 3.2%
(B = 100), confirming that TEMPO’s patient-level attention benefits from higher dimensionality.
Error bars represent 95% confidence intervals across the 50 test datasets in each experiment.
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Generalization Matrix: Sequence MAE Across Conditions (High Dimensional)

Exp 1

Exp 3 Exp 2

Exp 4
©
~
N

Training Condition
Exp 5
=
N
o
w

©o
Q- 10.44
w
~
I3 10.03
w
©
I3 12.03
w
(o)}
% 10.78
w

Exp 1

7.82

9.70

Exp 2

19.34 20.31

10.06

10.29

10.89

13.16

Exp 3 Exp 4 Exp 5 Exp 6 Exp 7 Exp 8
Testing Condition

11.83
25
12.43
11.97
20
10.28
w
<
-------- s
(]
1Y)
fe
15 %
o
(]
[%p]
-10

Exp 9

Figure 12: Cross-Condition Sequence Generalization (High Dimensional). Heatmap of Sequence
MAE across 81 training and testing permutations (B = 100). Red squares along the diagonal
denote in-domain performance. Columns 5 and 8 (Sigmoid-generated test data with continuous
event times) exhibit higher col-mean errors due to scale mismatch with discrete-event-time ex-
periments. Models trained on Exp 8 (Sigmoid with continuous event times) achieve the lowest
row-mean error (12.485), demonstrating that Sigmoid training with continuous event times im-
proves cross-experiment generalization.
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Table 7: Cross-Condition Sequence MAE Generalization. (High Dimensional) Mean Absolute
Error (MAE) between predicted and ground-truth event times across training and testing environ-
ments. Diagonal entries (bold) represent in-domain performance, while off-diagonal entries indicate
generalization capability across disparate pathological models.

Trained \Tested Expl Exp2 Exp3 Exp4 Exp5 Exp6 Exp7 Exp8 Exp9 Row Mean

Exp1 5.335 16.987 4.213 16.876 20.990 13.199 19.341  20.305 11.830 14.342
Exp 2 8399  7.758  6.153 6.496  28.252 14.242 13.608  26.303 12.429 13.738
Exp 3 6.981 17.243 3.321 17.263 18485 13.246 18.592 18.044 11.974 13.905
Exp 4 8.721 7.825 6.876  5.396  26.587 12402 13.369  25.214 10.283 12.964
Exp 5 12.047 17.510 10.154 17.867 8.687 11.819 17.741 8.6563  11.516 12.888
Exp 6 10.445 16.742 10.063 17.760 18815 9.570 17.470 17.712 10.466 14.338
Exp 7 10.034  9.700  10.290 9.354  25.651 10.250 10.424 24.301 10.177 13.353
Exp 8 12.027  16.592 10.890 16.817  9.329  10.498 16.954 9.298  9.965 12.485
Exp 9 10.782 17.226  13.159 18.769 25.144  8.640 17.856  23.254 7.819 15.850
Col Mean 9419 14.176  8.347 14.066 20.216 11.541 16.151  19.231 10.718 13.763

Table 8: Cross-Condition Tau Distance Generalization (High Dimensional). Average normalized
Tau distance across training and testing environments for B = 100 biomarkers. Diagonal entries
(bold) represent in-domain performance. This matrix illustrates the scalability of TEMPO’s se-
quencing logic in high-dimensional feature spaces.

Trained \Tested Exp1l Exp2 Exp3 Exp4 Exp5 Exp6 Exp7 Exp8 Exp9 Row Mean

Exp 1 0.060  0.250 0.054 0.259 0.278 0.112 0.245 0.313 0.166 0.193
Exp 2 0.077  0.086  0.079 0.086 0.385 0.125 0.129 0.396 0.167 0.170
Exp 3 0.060 0.253  0.042  0.264 0.263 0.108 0.258 0.304 0.131 0.187
Exp 4 0.101 0.092 0.095 0.071  0.353 0.134 0.128 0.377 0.159 0.168
Exp 5 0.119 0.240 0.115 0.259  0.095  0.152 0.251 0.099 0.172 0.167
Exp 6 0.078 0.228 0.088 0.254 0.266  0.091  0.243 0.310 0.097 0.184
Exp 7 0.123 0.111 0.139 0.123 0.349 0.107  0.110 0.374 0.109 0.172
Exp 8 0.100 0.227 0.077 0.239 0.094 0.141 0.248 0.093 0.153 0.152
Exp 9 0.064 0.225 0.048 0.250 0.381 0.085 0.259 0.396  0.082 0.199
Col Mean 0.087 0.190 0.082 0.201 0.274 0.117 0.208 0.296 0.137 0.177

Table 9: Cross-Condition Staging MAE Generalization (High Dimensional). Mean Absolute Error
(MAE) between predicted and ground-truth patient stages for B = 100. Diagonal entries (bold)
represent in-domain performance. Values show how TEMPO’s staging accuracy scales favorably
with dimensionality when compared to the low-dimensional results.

Trained \Tested Exp1l Exp2 Exp3 Exp4 Exp5 Exp6 Exp7 Exp8 Exp9 Row Mean

Exp 1 2.608  4.258 3.148 6.156  20.647  4.671 8.421  27.058  6.429 9.266
Exp 2 3.352 4.030 3.591 4913  28.295  4.575 7418 32497  5.764 10.493
Exp 3 3.856 5.206  2.649  4.882 32982  3.470 7414 25192 4.400 10.006
Exp 4 4.897 5.375 3.738  4.270 31.514  4.465 5.922 34920 4.109 11.023
Exp 5 10.522 18946  9.770  19.251 2.741  3.536 7.212 5.722 5.664 9.263
Exp 6 11.140 12.187 10.951 13.377 13.376  2.942 4948 17.823 5.972 10.302
Exp 7 9.180 9.963 9.199  10.053 22.765  2.709  3.416 24.698  4.433 10.713
Exp 8 8521  21.790 7700 21.364  3.948 4.798 10.612 3.522  4.289 9.616
Exp 9 5.078 8.025 4.213 7.049  47.156  2.824 4.381  47.649 2.959 14.370
Col Mean 6.573 9.975 6.107  10.146  22.603  3.777 6.638  24.342  4.891 10.561
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Appendix D. ADNI

We included only baseline visits (VISCODE = bl) from participants diagnosed as cognitively normal
(CN), early or late mild cognitive impairment (EMCI/LMCI), or Alzheimer’s disease (AD). We selected
twelve biomarkers commonly reported in prior EBM studies: cognitive assessments (MMSE, ADAS13,
RAVLT _immediate), cerebrospinal fluid markers (PTAU, TAU, ABETA), and MRI-derived volumetric mea-
sures (Ventricles, WholeBrain, MidTemp, Fusiform, Entorhinal, Hippocampus). Participants with missing
values on any biomarker were excluded, yielding a final cohort of N = 726 participants with 152 controls

(21%).

ADNI Consensus Ordering

EntorhinalNorm (1) I
MidTempNorm (2)

FusiformNorm (3)

1.0
ADAS13 (4)
RAVLT immediate (5) 0.8
1Y
Q >
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e ]
€ i 8
o ippocampusNorm (7) 0.4 g
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-0.2
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1234567 89101112
Stage Position

Figure 13: ADNI Biomarker Progression. Positional variance diagram showing the temporal ordering
of 12 biomarkers. Cell probabilities are calculated based on the frequency of each biomarker
appearing at each stage position across the nine trained models.

Appendix E. ADNI Information

A complete listing of ADNI investigators can be found at: http://adni.loni.usc.edu/wp-content/
uploads/how_to_apply/ADNI_Acknowledgement_List.pdf
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Table 10: Biomarker Event Ordering across Nine Experimental Iterations. Ranks represent the sequence of
abnormality (1 = earliest). Mean, Standard Deviation (Std), and 95% Confidence Intervals (CI)
are calculated across all experiments.

Biomarker el e2 e3 ed4d e5 e6 e7 e8 e9 Mean Std 95% CI
EntorhinalNorm 1 3 1 1 2 3 2 1 1 1.7 0.9 [1.0, 2.3]
MidTempNorm 2 2 2 4 1 1 1 3 2 2.0 1.0 [1.2, 2.8]
FusiformNorm 3 5 6 5 3 2 3 2 3 36 14 [2.5, 4.7]
ADAS13 4 1 3 2 6 4 4 6 4 3.8 1.6 [2.5, 5.0]
RAVLT_immediate 5 4 4 3 4 6 5 4 6 46 1.0 [3.8, 5.3]
ABETA 6 6 5 6 5 5 7 5 5 56 0.7 [5.0, 6.1]
HippocampusNorm 7 8 7 7 7 7 6 7 7 70 0.5 [6.6, 7.4]
MMSE 8 7 8 8 8 8 8 8 9 80 05 [7.6, 8.4]
PTAU 9 10 9 9 9 9 10 9 8 9.1 06 [8.6, 9.6]
TAU 10 9 10 10 10 10 9 10 10 9.8 0.4 [9.4, 10.1]
VentricleNorm 11 11 11 11 12 11 11 12 11 11.2 0.4 [10.9, 11.6]
WholeBrainNorm 12 12 12 12 11 12 12 11 12 11.8 04 [11.4,12.1]

Table 11: Average Predicted Stage by Diagnosis Group. Mean ordinal stage (out of 12) predicted by
TEMPO for each ADNI diagnosis group, averaged across all nine experimental models.

Model CN EMCI LMCI AD

Exp 1 0.01 5.28 9.35 11.56
Exp 2 0.01 4.88 7.95 10.14
Exp 3 0.00 5.12 8.79  11.06
Exp 4 0.01 4.38 7.74  10.53
Exp 5 0.00 6.11 8.06 10.14
Exp 6 0.49 6.42 8.65  10.01
Exp7 —-0.01 6.99 8.36 9.55
Exp 8 0.00 5.56 8.64  11.50
Exp 9 0.00 4.91 9.12  11.58

Mean 0.06 5.562 8.52 10.68
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exp9: Biomarker Event Timeline (Normalized 0-1)
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Figure 14: Continuous Temporal Spacing of Biomarker Abnormality (Exp 9). The timeline is
generated by the Exp 9 model (EBM measurement model with continuous event times). The
horizontal axis is min-max normalized to [0, 1]. The overall pattern is similar to Exp 8 (Fig. 4).

643



	Introduction
	Related Work
	Methods
	Event Sequencing Branch: Biomarkers-as-Tokens
	Patient Staging Branch
	Loss Functions

	Synthetic Experiments & Results
	Low-Dimensional Experiments
	Low Dimensional Results
	High Dimensional Experiments
	High Dimensional Results

	Real-World Experiments & Results
	Discussion
	Limitations & Future Work
	TEMPO Architecture
	Experiment Setup
	Experimental Results
	Low Dimensional
	High Dimensional

	ADNI
	ADNI Information

