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Abstract — Sepsis is a leading cause of death in intensive care units (ICUs), and every hour of treatment delay
increases mortality, so hourly early-warning models built from routine bedside data have clear practical value.
Bedside records are irregularly sampled, with most laboratory values observed in fewer than 10% of hours.
Recurrent neural networks remain the dominant sequence model for this task, and the recently proposed Mamba
selective state-space model has not been evaluated on hourly sepsis prediction. This paper presents a missingness-
aware Mamba model for the PhysioNet/Computing in Cardiology Challenge 2019 dataset (40,336 ICU stays).
Each hour is represented by forward-filled, standardised measurements concatenated with a binary observation
mask and processed causally by residual Mamba blocks. Under identical preprocessing and an equal hyper-
parameter search per model, Mamba is compared with GRU and LSTM baselines over five random seeds using
the area under the ROC curve (AUROC), the area under the precision—recall curve (AUPRC) and the official
utility score. Mamba reached an AUROC of 0.827 £ 0.005, an AUPRC of 0.112 + 0.010 and a utility score of 0.386
+ 0.018, matching the tuned recurrent baselines within seed-to-seed noise and with the lowest variance in AUROC.
Removing the observation mask reduced AUROC by 0.030 and utility by 0.054, several times the seed-to-seed
standard deviation. Missingness encoding therefore matters more than the choice of backbone on this task.

Keywords — selective state-space model; informative missingness; recurrent neural networks; PhysioNet Challenge
2019; clinical early warning

I. INTRODUCTION

Sepsis, a dysregulated host response to infection that leads to organ dysfunction [1], accounted for an estimated
48.9 million cases and 11 million deaths worldwide in 2017 [2]. Outcome depends strongly on how quickly
treatment begins: in a mandated emergency-care programme covering 49,331 patients, each additional hour before
completion of the initial care bundle was associated with a 4% relative increase in in-hospital mortality [3].
Automated early-warning systems that score a patient every hour from data already present in the electronic health
record therefore have a clear clinical rationale, and the PhysioNet/Computing in Cardiology Challenge 2019 was
organised to benchmark exactly this task: predicting the onset of sepsis at least six hours in advance from hourly
ICU records [4].

The data generated at the bedside pose two difficulties for sequence models. First, sampling is irregular and sparse.
In the Challenge 2019 cohort, heart rate is recorded in about 90% of hours, but most laboratory values are observed
in fewer than 10% of hours and some in fewer than 1%. Second, the missingness is informative rather than random:
a lactate or a blood culture is ordered when a clinician already suspects deterioration, so the fact that a measurement
exists can be as predictive as its value [5], [6]. A model must therefore represent both the measured values and the
measurement pattern.

Recurrent neural networks, in particular the gated recurrent unit (GRU) [7] and long short-term memory (LSTM)
[8], have been the standard deep sequence models for ICU prediction, including neural entries to Challenge 2019
[4], [9]. Transformers [10] offer parallel training but their self-attention scales quadratically with sequence length.
Structured state-space models [11] and especially the selective state-space model Mamba [12] combine the parallel
training of Transformers with linear-time, recurrent inference and have recently been adopted for medical images
[13], [14] and for large-scale electronic health record pre-training [15]. To our knowledge, however, Mamba has
not been evaluated on hourly bedside sepsis prediction, and it is not known whether its advantages carry over to
short, sparse, heavily missing ICU sequences.

This paper addresses that gap with a deliberately simple and fully reproducible study. The contributions are as
follows.

1. A missingness-aware Mamba model for hourly sepsis prediction, in which each hour is encoded by forward-
filled, standardised measurements concatenated with a binary observation mask and processed causally by
residual Mamba blocks.
2. A controlled comparison with GRU and LSTM backbones on the complete public Challenge 2019 training
cohort (40,336 stays), using identical preprocessing, an equal per-model hyper-parameter search, five random
seeds, and the official challenge utility score in addition to AUROC and AUPRC.
3. An ablation isolating the effect of the observation mask, which shows that missingness encoding, not the
sequence backbone, is the dominant design factor on this task.
4. An honest efficiency analysis showing that, at the model sizes and sequence lengths relevant to bedside
monitoring, Mamba offers no inference-latency advantage over cuDNN-accelerated recurrent networks.
The code is a single Python script and all experiments run in about one minute each on a laptop GPU, so the study
can be reproduced in under an hour.

Il. RELATED WORK

A. Machine learning for early sepsis prediction

Early sepsis prediction from EHR data has been studied extensively; a systematic review found wide variation in
sepsis definitions, prediction horizons and evaluation protocols, which limits comparability [9]. Challenge 2019
standardised the task by releasing hourly records of 40,336 ICU stays from two hospitals with Sepsis-3-derived
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labels and by introducing a clinically motivated utility score that rewards predictions made 12 to 3 hours before
onset and penalises false alarms [4]. The strongest entries relied on gradient-boosted trees over hand-engineered
features, such as ensembles of XGBoost models [16], or on path-signature features of the time series [17]; neural
entries typically used GRU or LSTM networks. These entries combined the model with substantial feature
engineering, whereas the present study isolates the sequence backbone and the missingness representation under a
fixed, minimal feature set.

B. Missing data in clinical time series

Clinical time series are multivariate, irregularly sampled and sparsely observed. Lipton et al. [5] showed that simply
appending binary missingness indicators to the input of an RNN improves paediatric ICU diagnosis, demonstrating
that missingness is informative. GRU-D [6] extended this idea with learned exponential decay of both the hidden
state and the last observed value as a function of the time since observation. Related work has found that
measurement frequency and indicator features are among the most important predictors of sepsis in the Challenge
2019 data [16], [17], that missingness indicators raise the AUROC of ICU outcome models by about 0.05 on
average [18], and that the measurement pattern alone predicts ICU mortality with an AUROC of 0.76 [19]. The
present work adopts the simplest of these representations, forward filling plus a binary observation mask, so that its
contribution can be measured in isolation with a single ablation.

C. State-space models in healthcare

Structured state-space sequence models (S4) [11] model a sequence through a discretised linear dynamical system
that can be computed either as a convolution (parallel training) or as a recurrence (constant-memory inference).
Mamba [12] makes the state-transition parameters input-dependent, giving the model a content-based selection
mechanism while keeping linear time complexity. In healthcare, Mamba has been applied to medical image
classification [13] and segmentation, surveyed in [14], and to large-scale EHR foundation models trained on
tokenised clinical events [15]. Closer to the present task, a Mamba-based model has been used for real-time
prediction of ICU patient acuity and therapy requirements across three cohorts [20], and a systematic evaluation of
long-context architectures on EHR event sequences found that a Mamba-based model outperformed the prior state
of the art on 9 of 14 clinical prediction tasks [21]. These studies focus on images or on event-level EHR sequences
with large training corpora. The present study examines the opposite regime: short (median 38 h), dense-in-time but
sparse-in-variable bedside sequences from a single public cohort, trained from scratch.

I11. MATERIALS AND METHODS

A. Dataset

We use the public training data of the PhysioNet/Computing in Cardiology Challenge 2019 [4], which comprises
40,336 ICU stays from two hospital systems (set A: 20,336 stays; set B: 20,000 stays). Each stay is a table with one
row per hour and 40 variables: 8 vital signs, 26 laboratory values and 6 demographic or administrative variables
(age, sex, two ICU-unit indicators, time from hospital admission to ICU admission, and ICU length of stay). The
label SepsisLabel is 1 from six hours before the Sepsis-3 onset time (tesis) until the end of the stay and 0 otherwise,
so that a correct positive prediction at the first labelled hour is six hours early. Table 1 summarises the cohort.
Sepsis develops in 2,932 stays (7.3%); because the label is positive only in the final hours of septic stays, positive
hours make up 1.8% of all hours, which makes the hourly task strongly imbalanced. Fig. 1 shows the fraction of
hours in which each variable is observed: seven of the eight vital signs are observed in 34-90% of hours (end-tidal
CO2 in 3.7%), whereas 24 of the 26 laboratory values are observed in fewer than 10% of hours.

Table 1. Summary of the PhysioNet/CinC Challenge 2019 training cohort used in this study

Characteristic Value

ICU stays (hospital A / hospital B) 40,336 (20,336 / 20,000)
Hourly rows 1,552,210
Length of stay, median (max), h 38 (336)

Stays with sepsis 2,932 (7.3%)
Hours with SepsisLabel =1 27,916 (1.8%)
Variables per hour (vital / laboratory / static) 40 (8/26/6)
Train / validation / test stays (per seed) 28,238 /6,049 / 6,049
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Figure 1. Fraction of hours in which each time-varying variable is observed in the cohort (vital signs in
blue, laboratory values in grey).

B. Preprocessing

The released data contain at most 336 h (14 days) per stay, so all 1,552,210 hourly rows are used without
truncation. Within each stay, missing values are forward filled from the last observation of the same variable; hours
before the first observation remain missing. Every variable is then standardised by its mean and standard deviation
computed over all observed values in the cohort, hours that are still missing are set to 0 (the cohort mean), and
standardised values are clipped to [-10, 10] to limit the influence of a small number of implausible entries (0.02%
of observed values, for example an FiO2 recorded on a percentage rather than a fractional scale). No feature
engineering, resampling or external data is used.

C. Missingness-aware input

For each hour t, let x, € R*C be the preprocessed measurement vector and m, € {0,1}*° the observation mask, with
my; = 1 if variable j was actually recorded at hour t. The model input is the concatenation u; = [x; ; m] € R&. The

mask lets the network distinguish a fresh observation from a forward-filled or imputed value and exposes the
measurement pattern itself,

which is known to be informative in ICU data [5], [6]. In the ablation we set u; = x;, so that the only difference
between the two configurations is the presence of the 40 mask channels; all models in the main comparison use the
same 80-dimensional input.

D. Sequence backbones

All models share the structure: a linear input projection u, — h, € RY, a causal sequence backbone, and an output
gt_af:_’slfd consisting of layer normalisation, dropout and a linear layer producing one logit per hour. Only the backbone

iffers.

Mamba. The backbone is a stack of two residual blocks, each computing h «— h +
Dropout(Mamba(LayerNorm(h))). The Mamba layer [12] expands the input to 2d channels, applies a causal depth-
wise convolution of width 4, and runs a selective state-space scan with a state size of 16 in which the discretisation
step and the input and output projections of the state are functions of the current input. The scan is causal by
construction, so the output at hour t depends only on hours 1 to t; this is required for an early-warning system and is
the setting in which Mamba's linear-time recurrence can be exploited at deployment. We use the reference CUDA
implementation (mamba-ssm 2.3.2).

GRU and LSTM. The baselines replace the Mamba blocks by a two-layer unidirectional GRU [7] or LSTM [8] with
hidden size d and inter-layer dropout, using the cuDNN implementation in PyTorch. These are the standard neural
backbones for this task [4], [9].

E. Training

Stays are split at the patient level into training, validation and test sets of 70%, 15% and 15% (28,238 / 6,049 /
6,049 stays), stratified on whether sepsis ever occurs; the split is re-drawn for each random seed. The loss is the
binary cross-entropy averaged over all valid (non-padded) hours of the batch, with the positive class weighted by
min(20, N ne/Ngos) = 20 to counter the 1.8% positive rate. Models are trained with AdamW [22] (weight decay 0.01,
gradient-norm clipping at 1.0, batch size 128 stays) for at most 30 epochs, and training stops when the validation
AUPRC has not improved for five
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epochs; the checkpoint with the best validation AUPRC is evaluated on the test set. Each run takes about one
minute on a single NVIDIA RTX 4060 laptop GPU (8 GB) with PyTorch 2.12.

F. Evaluation

Three metrics are reported on the held-out test stays. AUROC and AUPRC are computed over all valid hours
pooled across stays; AUPRC is the more informative of the two at a 1.8% positive rate. The third metric is the
normalised utility score defined by the challenge organisers [4], re-implemented from the official scoring code with
the same constants: a correct positive prediction earns a utility that rises linearly from 0 at 12 h before t s to 1 at 6
h before and falls to 0 at 3 h after; a missed prediction between 6 h before and 3 h after tsss incurs a penalty falling
linearly to —2; and every false alarm in a non-septic patient costs 0.05. The total is normalised so that perfect
prediction scores 1 and never predicting sepsis scores 0. The utility score requires a binary decision; the threshold is
chosen on the validation set from 50 quantiles of the predicted probabilities to maximise validation utility and is
then applied unchanged to the test set.

G. Hyper-parameter selection
To give every backbone the same tuning budget, each model is trained with seed 0 under all eight combinations of
hidden size d € {64, 128}, dropout € {0.1, 0.3} and learning rate € {1073, 3x10 4}, and the combination with the

highest validation AUPRC is selected (Table 2). The selected configuration of each model is then retrained with five
random seeds (0-4), each with its own patient split, and all reported results are the mean and standard deviation
over these five runs. The ablation without the observation mask uses the selected Mamba configuration.

Table 2. Hyper-parameter search (seed 0): validation AUPRC for each configuration and the selected setting per
model. d = hidden size, p = dropout, Ir = learning rate; ties are resolved on the unrounded value.

d p Ir Mamba GRU LSTM
64 0.1 le-3 0.098 0.110 0.105
64 0.1 3e-4 0.093 0.099 0.097
64 0.3 le-3 0.096 0.106 0.108
64 0.3 3e-4 0.092 0.107 0.097
128 0.1 le-3 0.103 0.113 0.101
128 0.1 3e-4 0.095 0.101 0.097
128 0.3 le-3 0.107 0.113 0.104
128 0.3 3e-4 0.095 0.102 0.095
Selected d=128, p=0.3, d=128, p=0.3, d=64, p=0.3, Ir=1e-
Ir=1e-3 Ir=1e-3 3
IV. RESULTS

A. Main comparison

Table 3 reports the test-set performance of the three backbones with the missingness-aware input, and Fig. 2 shows
the ROC and precision—recall curves of one representative seed. All three models reach a similar operating range:
AUROC 0.826-0.831, AUPRC 0.111-0.117 and utility 0.384-0.398. The GRU has the highest mean on every
metric and Mamba the second highest by a narrow margin, and the differences between means (no more than 0.005
in AUROC, 0.006 in AUPRC and 0.014 in utility) are no larger than the corresponding standard deviations across
seeds.

Because every seed uses its own patient split, the fairest comparison is the paired difference on the same split.
Across the five seeds, Mamba minus GRU is —0.003 + 0.009 in AUROC (Mamba higher in three of five seeds),
—0.005 £ 0.009 in AUPRC and —0.013 + 0.019 in utility; Mamba minus LSTM is +0.002 + 0.006, +0.002 + 0.009
and +0.002 + 0.011. None of these paired differences is distinguishable from zero with five seeds, so the three
backbones should be regarded as equivalent on this task. Mamba does show the smallest spread across seeds in
AUROC (SD 0.005 versus 0.010 for the GRU and 0.009 for the LSTM; Fig. 3), although its spread in utility is
comparable to that of the other models, so this stability observation applies to the ranking metric rather than to the
thresholded decision.

Table 3. Test-set performance, mean * SD over five seeds (each seed uses its own patient-level split). All models
use the selected configuration from Table 2. Best mean per column in bold.

Model Input Params AUROC AUPRC Utility
GRU values + mask 208,897 0.831+0.010 0.117 £0.010 0.398 + 0.026
LSTM values + mask 71,937 0.826 + 0.009 0.111 +£0.015 0.384 +£0.016
Mamba (ours) values + mask 244,225 0.827 +0.005 0.112 £ 0.010 0.386 £ 0.018
Mamba, no mask values only 239,105 0.797 £ 0.008 0.093 + 0.008 0.331+0.020
(ablation)
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Figure 2. Test-set (a) ROC and (b) precision—recall curves of the three backbones for seed 3; the legend gives the
five-seed mean AUROC/AUPRC. The grey line in (b) marks the 1.8% positive rate.
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Figure 3. Test-set AUROC, AUPRC and utility score of the three backbones with the observation mask and of
Mamba without it. Bars show the five-seed mean, error bars one standard deviation, and dots the individual
seeds.

B. Effect of the observation mask

The last row of Table 3 and the grey bars in Fig. 3 show the Mamba model trained on the measurement values
alone. Removing the 40 mask channels lowers every metric in every seed: the paired loss is 0.030 £ 0.006 in
AUROC (smallest loss over seeds 0.022), 0.020 + 0.005 in AUPRC (smallest 0.013) and 0.054 + 0.010 in utility
(smallest 0.041). These effects are several times larger than the between-backbone differences of Section IV-A and
larger than any seed-to-seed standard deviation, and the model without the mask is worse than every masked model
in every seed. The parameter count changes by only 2% between the two configurations, so the gain is attributable
to the information in the mask rather than to model capacity. The result confirms, for a selective state-space
backbone, the observation made for recurrent networks that the measurement pattern in ICU data is itself a strong
predictor [5], [6].

C. Training dynamics

Fig. 4 plots the validation AUPRC per epoch for seed 0. Mamba reaches its best validation score earliest, after 2.8 £
0.8 epochs on average over the five seeds, against 8.0 + 1.6 for the GRU and 6.8 + 2.2 for the LSTM, and its
validation score then declines steadily, so that early stopping ends its training after 7.8 epochs on average compared
with 13.0 and 11.8 for the recurrent models. The steeper decline indicates that the Mamba model fits the training set
faster and overfits sooner at the same dropout rate, which is consistent with the hyper-parameter search (Table 2),
where Mamba gained slightly more than the other backbones from raising dropout from 0.1 to 0.3 at d = 128. Early
stopping on validation AUPRC was therefore necessary for all models and most important for Mamba.

D. Model size and inference latency

Table 4 compares the three backbones at equal hidden size (d = 128) in parameter count and in batched inference
latency on the same GPU for a batch of 128 stays at sequence lengths from 48 h to 4,000 h. Mamba has 17% more
parameters than the GRU of equal hidden size, because of its channel expansion and state projections, and 11%
fewer than the LSTM; the LSTM actually selected by the search (d = 64) has 71,937 parameters, 3.4 times fewer
than Mamba. In latency, the cuDNN GRU is the fastest at every length and Mamba the slowest: at the longest stay
in the data (336 h) Mamba takes 12.0 ms per batch against 5.0 ms for the GRU and 8.1 ms for the LSTM, and the
ratio widens rather than narrows up to 4,000 h. All three latencies are far below any clinical requirement for hourly
scoring, but the result shows that the linear-time complexity of Mamba does not translate into a speed advantage
over optimised recurrent kernels at the hidden sizes (<128) and sequence lengths (<336 h) relevant to this task.
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Figure 4. Validation AUPRC per epoch for the three backbones (seed 0, selected configurations). Training
stops five epochs after the best validation AUPRC.

V. DISCUSSION

Mamba is a competitive but not superior backbone for hourly sepsis prediction. Under equal preprocessing, an
equal tuning budget and five paired seeds, Mamba, GRU and LSTM reach the same operating range on all three
metrics, and the paired differences are within noise. This is a different picture from the image and event-sequence
settings in which Mamba has been reported to surpass convolutional or attention-based models [13], [15], and two
properties of the present task explain it. First, the sequences are short: the median stay is 38 h and no stay exceeds
336 h, so the long-range modelling capacity that distinguishes state-space models from gated recurrences is rarely
exercised. Second, the training signal is sparse (1.8% positive hours) and the cohort is modest (28,000 training
stays), a regime in which the stronger inductive bias and lower capacity of a gated recurrence can be an advantage;
the faster overfitting of Mamba in Fig. 4 points in that direction. The lower seed-to-seed variance of Mamba in
AUROC is a practical advantage for model selection, but it should be confirmed on other cohorts before being
relied upon.

Table 4. Model size and batched inference latency (ms per batch of 128 stays, mean of 10 runs, NVIDIA RTX
4060 laptop GPU) as a function of sequence length T. All three backbones are instantiated at d = 128 for a like-
for-like comparison; the LSTM selected in Table 2 (d = 64) is smaller and faster.

Model Params T=148 T =336 T = 1,000 T = 2,000 T = 4,000
Mamba (d = 244,225 2.8 120 305 89.6 2233
128)

GRU (d = 128) 208,897 08 50 153 311 62.8
LSTM (d= 274,945 15 8.1 237 479 94.6
128)

Missingness encoding is the dominant design factor. The single ablation in this study produced an effect (0.030
AUROC, 0.054 utility) several times larger than any difference between backbones. The mask tells the model when
a laboratory value was actually drawn, and in ICU practice tests such as lactate, blood gases and coagulation panels
are ordered when a clinician suspects deterioration; the measurement pattern therefore encodes clinical
judgement that precedes the formal onset of sepsis. The same conclusion has been reached for recurrent models
[5], [6] and for the feature-engineered entries to Challenge 2019 [16], [17], and the present study shows that it holds
equally for a selective state-space model. A practical implication is that any comparison of sequence backbones on
bedside data that does not control the missingness representation is likely to be dominated by that representation
rather than by the backbone.

Relation to the challenge leaderboard. The utility scores reported here (0.38-0.40) are obtained on a random held-
out split of the public training data and are not comparable with the leaderboard values of the hidden challenge test
set, which included a third hospital and on which the best entry scored 0.360 [4]. The purpose of this study is a
controlled comparison of backbones and input representations rather than a leaderboard submission, and no feature
engineering, ensembling or threshold tuning beyond the validation set was used.

Limitations

This study has several limitations that bound its conclusions. First, all results come from random splits of a single
public cohort of two hospitals; generalisation to other institutions, in particular under a distribution shift in
measurement practice, which directly affects the mask channels, was not tested. Second, five seeds are sufficient to
show that the between-backbone differences are smaller than the seed variance but not to detect differences of the
order of 0.005 AUROC with confidence; the conclusion is one of practical equivalence rather than of proven
equality. Third, the hyper-parameter search covered eight configurations per model with a fixed depth of two
layers; deeper or wider Mamba models, or Mamba-specific settings such as the state size, were not explored, and
the ranking could change with a larger budget. Fourth, the missingness representation was deliberately the simplest
one (forward filling plus a binary mask); time-since-observation decay as in GRU-D [6] and learned imputation
were not combined with the Mamba backbone and remain a natural extension. The latency comparison is specific
to one consumer GPU and to batched inference; the recurrent inference mode of Mamba, which processes one hour
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at a time with constant memory, was not benchmarked.

VI.CONCLUSION

This paper evaluated a missingness-aware Mamba model for hourly early sepsis prediction on the complete public
PhysioNet/CinC Challenge 2019 cohort, under a controlled protocol with identical preprocessing, an equal hyper-
parameter budget per backbone, five paired random seeds and the official challenge utility score. Mamba achieved
an AUROC of 0.827, an AUPRC of 0.112 and a utility score of 0.386, matching tuned GRU and LSTM baselines
within seed-to-seed noise and with the lowest variance in AUROC, which establishes the selective state-space
model as a valid backbone for bedside early-warning systems built on short, sparse ICU sequences. The study's
clearest finding, however, concerns the input rather than the backbone: encoding which variables were measured at
each hour improved AUROC by

0.030 and utility by 0.054, an effect several times larger than any difference between sequence models. Future work
should combine the Mamba backbone with richer missingness representations such as time-aware decay, validate
the approach on external cohorts with different measurement practices, and benchmark Mamba's recurrent
inference mode for streaming bedside deployment.
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