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Abstract

Understanding the internal processes of deep learning models has become a cen-
tral challenge, and causal representation learning offers one framework for their
interpretation. We investigate how a neural network can learn to capture high-level
“emergent” causal abstractions from complex clinical time series. We introduce a
conceptual framework that distinguishes between perceived emergence, defined as
a model’s ability to identify emergent patterns within its familiar training environ-
ment, and true emergence, defined as a model’s ability to preserve this abstraction
on out-of-distribution data. We evaluate this framework via reciprocal training
and verification experiments on two large critical care time-series datasets, using
an information-theoretic objective that provides an inductive bias toward learning
emergent causal structure. Our results show that the models capture perceived
emergence within their training environments and also demonstrate true emergence
across datasets, indicating robust, causally invariant generalization. We further
examine this behavior by analyzing the internal representations and the stability of
feature-wise mutual information of input variables under distributional shift, con-
tributing to a clearer picture of how such models may achieve out-of-distribution
generalization in clinical settings.

1 Introduction

Expert clinicians possess a remarkable ability when observing a stream of high-dimensional patient
data. They infer abstract, high-level macro-states such as “developing shock”, “respiratory fatigue,” or
“stabilizing” that are critical for making life-saving decisions. This process requires the identification
of underlying emergent patterns that govern the patient’s trajectory while ignoring a torrent of low-
level noise and spurious correlations (Schuwirth et al., 2020; [Feller et al., 2023)). Deep learning
models for time-series, particularly those trained on simple predictive tasks such as forecasting or
classification, often fail to develop such causally invariant abstractions (Lim and van der Schaar,
2018). Instead, they are biased towards learning the micro-features, which makes them effective
short-term forecasters but poor at capturing the abstract, emergent states that align with system-level
organization (Geirhos et al.| 2020; DeGrave et al.| 2021)). This failure to abstract emergent structure
often leads to brittle models that do not generalize well to new environments.

In this work, we present a representation-learning account of how a neural network trained on
time-series can capture emergent causal abstractions in critical care. We hypothesize that this skill
is not an inherent property of the architecture, but rather a behavior that develops in response to a
specific inductive bias provided by the learning objective. We use a self-supervised, information-
theoretic objective, termed ¥, which formalizes a trade-off between temporal predictability and
abstraction (McSharry et al., 2024} Rosas et al.,[2020). W acts as a constraint which favors invariance
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and forces the model to learn a different kind of generalization, one that prioritizes the discovery

of emergent patterns over predictive accuracy. Additionally, we extend the current framework of

emergent behavior detection by distinguishing between perceived emergence and true emergence.

* Perceived Emergence: A feature that is quantitatively emergent (positive verified ¥ score) within
a specific data distribution (the model’s “training environment”). This represents a “local rule”
that the model has learned to capture in a familiar context. A model exhibiting only perceived
emergence may have simply memorized a set of correlations that are specific to the training data
and do not represent a fundamental property of the system.

* True Emergence: A feature that remains emergent even when evaluated on a out-of-distribution
(OOD) dataset. This represents a fundamental, causally invariant property that the model has
successfully generalized. Achieving true emergence suggests the model has learned an underlying
principle of the system’s behavior even when distributional shifts are present.

We contribute by using this framework to examine whether a model trained to capture emergence
reflects dataset-specific correlations or instead identifies generalizable principles of patient dynamics
in critical care. This approach enables evaluation beyond conventional performance metrics, framing
emergence as a principled account of the model’s generalization capabilities. Concretely, we make
the following contributions:

1. adapt the information-theoretic framework of |[Rosas et al.|(2020) and and McSharry et al.
(2024) to the harmonized critical care time series.

2. introduce an evaluation protocol that contrasts perceived vs. true emergence via reciprocal
training/verification across two critical care datasets.

3. analyze how the objective function shapes the inductive bias of the learned representations
by studying the stability of feature-wise mutual information contributions across ID and
OOD settings.

2 Methods

2.1 A Computational Model of Causal Emergence

Our methodology is centered on the ¥ objective, proposed by Rosas et al.|(2020), as a computational
model which captures emergent learning. Under the ®ID formalism, a simple sufficient test for causal
emergence is

U oo= I(VisViga) — Y I(Xi; Vi) > 0, (1)
i=1
which depends only on pairwise marginals and standard Shannon mutual information (Rosas et al.,
2020; Mediano et al., [2022). Here we take ¢’ = ¢ + 1, though any ¢’ > ¢ is valid.

However, the sum in (I)) can double-count information when multiple input features share the same
signal about V;,; as demonstrated by [Rosas et al.| (2020). Hence the redundancy is discounted by
using the Minimum Mutual Information (MMI) measure (Barrett, 2015; McSharry et al., |2024). This
yields the adjusted sufficiency criterion:

n
Vo o= IV Vigr) — D I(Xig; Vi) + (n—1) min (X Vir) > 0. 2

i=1
W 4 can be interpreted as a balance of three distinct components:

o I(V4; Viy1) (Predictive Power): This term encourages a stable, self-predictive macro-state V. A
high value indicates that the internal representation is informative about its own future, reflecting a
coherent, non-random temporal signal (Mediano et al., 2022; Rosas et al., 2020).

o — > I(X;:; Vig1) (Information Bleed Penalty): It forces V' to be an abstract summary of the
whole rather than a proxy for any single micro-input X;. It penalizes leakage of low-level noise
into the high-level representation, aligning with the whole-minus-parts structure of ¥ in (T)).

* (n—1) min; I(X;; Viy1) (Redundancy Correction): It offsets the negative bias from double-
counting shared information across input features. Within the MMI redundancy formulation, the
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Figure 1: OOD visualization using t-sne embeddings of specific timesteps. Evaluation of mutual
Out-Of-Distribution characteristic between MIMIC-IV and eICU datasets using the same feature set

using kernel-PCA (Fang et al.,|2024).

minimum single-source MI counterbalances the excessive subtraction that arises when many X;
(input features) carry the same signal which makes W 4 a more robust indicator of causal emergence
(Williams and Beer} [2010). This ensures that a truly non-emergent feature will have a ¥ score
close to zero or negative, making the final score (U > 0) a more reliable indicator of emergence.

2.2 Experimental Setup: Probing for True Emergence

To test for true emergence, we use two distinct clinical datasets, which allows us to create a controlled
test of generalization: We use the MIMIC-IV (Johnson et al.,[2023)) and eICU (Pollard et al.,2018)
datasets from critical care. MIMIC-IV is a large single-center critical care EHR dataset and eICU is a
multi-center critical care dataset. We harmonize both datasets to have the same 63 clinical features
(ref. Table[2) using the METRE Pipeline (Liao and Voldman| 2023). We train a model on one dataset
and verify emergence on both. To ensure our findings are not dependent on the choice of training set,
we perform a reciprocal analysis with two experiments:

1. Experiment 1: Train a model on the MIMIC-IV dataset and run two separate verification phases:
one on the MIMIC dataset itself (a test for perceived emergence) and one on the eICU dataset (to
test for true emergence).

2. Experiment 2: Train a second model on the eICU dataset. Then, run two verification phases: one
on the eICU dataset itself (a test for perceived emergence) and one on the MIMIC-IV dataset to
test for true emergence.

This reciprocal design allows us to rigorously assess whether any learned emergent feature is
a universal causally invariant property or an artifact of a specific training environment. During
verification (ID and OOD) the feed-forward encoder is frozen and fresh critics are trained to estimate
the MI terms. For a detailed breakdown of the model, its training and verification procedure, please
see the Appendix A2. A key part of our methodology is the evaluation of the learned representation
on out-of-distribution data using a metric we define as \IIXOD. While the model ( fy) remains frozen,
the critics required to estimate the mutual information terms in WP are trained on the OOD data
during verification. This ensures that the verification is not biased by critics learned from the training
environment and by learning new critics, we can provide an unbiased assessment of whether the
representation learned by the fy model generalizes to a new data distribution. This setting constitutes
a genuine test of “true emergence,” as neither the model nor the evaluation mechanism is biased
towards the training data.



3 Results

3.1 Evaluation of mutual OOD between MIMIC-IV and eICU

We conducted an out-of-distribution (OOD) detection experiment to evaluate the degree of distri-
butional shift between our two datasets. Using a standard scoring-based OOD framework (Fang
et al.,|2024), we obtained an AUROC of 80% (with Gaussian kernel width v = 0.08 and M = 512
random Fourier features), indicating that the two datasets are moderately separable in distributional
space (Figure [I). Following Burger et al|(2024), MIMIC-IV and eICU appear among the most
mutually transferable datasets in a larger multi-center benchmark, particularly when compared to five
non-US datasets, which can be attributed to shared geographical location and broadly standardized
clinical practice across US health systems. We therefore view MIMIC-IV < eICU as similar but not
identical distributions. They are close enough to be clinically comparable, yet distinct enough to test
out-of-distribution generalization.

3.2 Perceived vs. True emergence

We first trained our model (fy) on the MIMIC-IV dataset (Training ¥ 4 = 4.45 £ 0.07) and confirmed
that it learned a feature with a high positive verified ¥ score (Verification ¥ 4 = 4.27 4 0.15). This
demonstrates that it had successfully learned perceived emergence within its training environment. We
then evaluated this same frozen model (fy) on the eICU dataset to test the model for true emergence
and we observed that the model is successful (Verification \IIXOD =4.42 + 0.13). These results are
illustrated in Figure [2a] We repeated this with the reciprocal experiment. We first trained our model
(fp) on the eICU dataset (Training ¥4 = 5.01 4 0.06) and confirmed it learned an emergent feature
with a high positive verified ¥ score (Verification W4 = 4.87 £ 0.12), demonstrating that it had
successfully learned perceived emergence within its training environment. We then evaluated this
same frozen model ( fy) on the MIMIC-IV dataset to test for generalization and the model successfull
learns true emergence (Verification \IISOD =4.19 + 0.17). These results are illustrated in Figure
We conducted five independent runs per experiment and summarize performance as mean + standard
deviation (see Table[I). We also performed negative control experiments with a randomly shuffled
version of MIMIC-IV and eICU where the temporal order of the data within each patient stay was
destroyed. As expected, the training W 4 for models trained on this shuffled data was consistently
near-zero or negative. This result demonstrates that the emergent feature is a genuine property of the
system’s dynamics and not merely a statistical artifact of the data distribution.
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Figure 2: (a) Comparison of W 4 for training, verification on MIMIC-IV dataset and OOD verification
on the ICU dataset. (b) Comparison of ¥ 4 for training, verification on eICU dataset and OOD
verification on the MIMIC-IV dataset. Insets show negative-control results (temporal shuffling).



Table 1: Verified ¥ scores from the reciprocal analysis.

Training  Verification Emergence Type Training (¥4) Verification (¥ 4 and ¥Q0P)

MIMIC-IV Perceived 4.27 +0.15
MIMIC-TV elCU True 445007 4.42+0.13
elCU Perceived 4.87+0.12
elCU MIMIC-IV True 5.01 +0.06 4.194+0.17

3.3 A processing account of causal abstraction: Analysis of Mutual Information

We extracted the final feature-wise mutual information scores I(X;; Viy1) from both the ID and
OQD verification runs for both experiments, which represents the contribution of each of the 63
input features to the emergent state. This allows us to probe the model’s internal process. As shown
in Figure |3| (refer Appendix), the model relies on a highly consistent set of informational cues in
both environments. The Spearman’s rank correlation between the feature contribution scores was
high (MIMIC p = 0.808, and eICU p = 0.887), indicating that the model has learned a robust and
generalizable algorithm for capturing this emergent state.

Notably, the overlap between the top—10 features in each setting is not arbitrary. Across both training
regimes, the variables that consistently appear among the most informative are the liver enzymes
"Aspartate Aminotransferase (AST)" and "Alanine Transaminase (ALT)" together with red blood cell
(RBC) related features (mean corpuscular volume — MCV, mean corpuscular hemoglobin — MCH,
mean corpuscular hemoglobin concentration — MCHC). These labs are routinely available in both
cohorts: MIMIC-IV’s laboratory item ontology explicitly includes ALT/AST and the RBC features,
and the eICU-CRD provides a harmonized laboratory table used across participating locations.
AST and ALT are canonical markers of hepatocellular injury and are commonly elevated during
systemic inflammatory stress such as sepsis (Guo et al.,[2025} |Choi et al.| 2025). The RBC features
quantify cell size and hemoglobin content. They are used to classify anemia etiologies such as
iron-deficiency or anemia of chronic inflammation (typically micro-/normocytic) versus macrocytosis
with B12/folate deficiency or liver disease which essentially captures hematologic disturbances
relevant to pathophysiology (Weiss and Goodnough), [2005; Clark and Krusel [1990). The persistence
of these variables as top contributors whether the model is trained on either dataset and whether
verification is ID or OOD supports that the emergent macro-state depends on physiological features
rather than site-specific artefacts.

4 Discussion

Our results suggest that models trained with the ¥ objective function may capture invariant properties
of patient dynamics in critical care time series that generalize across datasets. The consistency of
true emergence indicates the possibility that such models are not merely tuned to dataset-specific
signals but may be uncovering principles of pathophysiological organization that extend across
environments. Our findings demonstrate that developing models which identify emergent structures
within patient trajectories hold potential for a more principled, causally grounded understanding of
temporal dynamics in critical care. However, a central limitation of our study is that ¥ and W 4 rely
on mutual information estimates in a high-dimensional setting, and neural MI estimators are known
to be sensitive to critic architecture, hyperparameters, and initialization (Song and Ermon, [2019;
Poole et al., 2019} |Abdelaleem et al.,[2025). Hence, the absolute ¥ 4 values should be interpreted
with caution as our conclusions rely primarily on their consistency and stability across ID vs. OOD
verification.
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A Appendix

A.1 The Role of the Feature Network and Critic Models

The framework consists of two types of models that learn together:

* The Feature Network (fy): This is the primary model, a ’SkipConnectionSupervenientFeatureNet-
work’ (McSharry et al.| 2024)), whose goal is to learn the emergent representation.

* The Critic Models: These are essential "helper" models that act as verification test for the emergent
property. There are two types:

1. The Decoupled Critic: A single ‘DecoupledSmileMIEstimator‘ (McSharry et al.,2024)) that
estimates the "Predictive Power" (I(V;; Vit1)).

2. The Downward Critics: A set of n ‘DownwardSmileMIEstimator‘s (one for each of the 'n’
input features) that estimate the "Information Bleed" (I(X; ;; Vi+1)).

A.2 The Training and Verification Procedure in Detail

The distinction between the training and verification phases is critical for obtaining a robust and
unbiased measure of emergence.

» Training Phase: In this phase, the feature network and critic models are trained simultaneously.
For each batch of data, the critics are first updated to become more accurate estimators for the
feature network’s current output. Then, the feature network is updated to maximize the ¥ score
provided by these just-updated critics. This process is repeated for many epochs, allowing both the
feature network and critic models to learn together.

* Verification Phase: The feature network, having completed its learning, is frozen and its weights
are not updated. The critics trained in the training phase are discarded and a fresh set of critic
models are trained from scratch and their sole purpose is to converge to the most accurate possible
estimate of the mutual information The final, stable W score from this verification run is the true,
unbiased measure of the learned feature’s emergence. This two-phase procedure ensures that the
final score is a property of the learned feature itself, not an artifact of the co-adaptive training
dynamics.
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Figure 3: Comparison of feature contribution scores (downward Mutual Information) for the in-
distribution vs. out-of-distribution test sets. Each point represents one of the 63 clinical variables.
The high Spearman correlation indicates a stable set of learned mutual information scores, suggesting
a robust internal algorithm.



A.3 Common clinical features used in the analysis across MIMIC-IV and eICU

Table 2: Common clinical features

Peripheral oxygen saturation (SpO,)
Blood pH

Bicarbonate

Hematocrit

Chloride

Potassium

Lactate

Heart rate

Invasive diastolic blood pressure
Non-invasive systolic blood pressure
Non-invasive mean blood pressure
White blood cell count (WBC)
Eosinophils

Monocytes

Band neutrophils

Creatine phosphokinase-MB (CK-MB)
Total protein

Blood urea nitrogen (BUN)
Creatinine

International normalized ratio (INR)
Partial thromboplastin time (PTT)
Mean corpuscular hemoglobin concentration (MCHC)
Platelet count

Red cell distribution width (RDW)
Alkaline phosphatase (ALP)
Amylase

Creatine phosphokinase (CPK)
C-reactive protein (CRP)

Urine output

Urine creatinine

Phosphate

White blood cells in urine

Arterial partial pressure of CO- (PaCO5)
Base excess

Total carbon dioxide (CO5)
Hemoglobin

Temperature

Sodium

Glucose

Invasive systolic blood pressure
Invasive mean blood pressure
Non-invasive diastolic blood pressure
Respiratory rate

Basophils

Lymphocytes

Polymorphonuclear leukocytes (Neutrophils)
Troponin T

Albumin

Anion gap

Calcium

Fibrinogen

Prothrombin time (PT)

Mean corpuscular hemoglobin (MCH)
Mean corpuscular volume (MCV)
Red blood cell count (RBC)

Alanine aminotransferase (ALT)
Aspartate aminotransferase (AST)
Bilirubin

Glasgow Coma Scale (GCS)

Weight

Central venous pressure (CVP)
Magnesium

Tidal volume (observed)
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