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A Notation Table23

We adopt the standard convention of using italic symbols (e.g., x) for scalars, bold lowercase (e.g., x)24

for vectors, and bold uppercase (e.g., X) for matrices. Table 1 provides a summary of the notations25

used throughout the paper.26

The table is organized into four sections: (i) general notations, (ii) notations for Data Shapley Value27

Computation Per Task in Ods (Section3.1), (iii) notations for Knowledge Distillation from Ods to28

Onn (Section3.2), and (iv) Knowledge Distillation fromOnn to Ψ for EHR Data Deviation Detection29

(Section 3.3).30

Table 1: Summary of notations used.
Notation Description
Ods Data Shapley oracle
Onn Task-specific neural oracle
Ψ EHR data fidelity predictor
t Index of a task or specific application
T Total number of tasks

N (t) Number of samples in task t
K(t) EHR data for task t

k
(t)
i The i-th EHR sample in task t

xi Input features of k(t)i

y
(t)
i Task-specific label of k(t)i for task t

Ψ(xi) Data fidelity of xi

∆Ψ Decline in data fidelity

f (t) Prediction model used in Ods

S A subset of K(t)

m Performance evaluation metric
η
(t)
i Data Shapley value of k(t)i for task t
Φ Uniform distribution over all permutations of K(t)

φ A permutation of K(t)

Sk
(t)
i

φ Samples preceding k
(t)
i in φ

g(t)(x, θ(t)) Neural oracle Onn for task t

L(t)
ds→nn Knowledge distillation loss from Ods to Onn for task t

ω(t) Weight assigned to L(t)
ds→nn

h(t)(xi) Learned representation of xi in task t

Ψ(x, θ) Final EHR data fidelity predictor as a neural network
o(x) Hidden representation of x learned by Ψ(x, θ)
Lkd Knowledge distillation loss from Onn to Ψ

α(t)(x) Attention weight for task t
Lent Relative entropy constraint from Onn to Ψ
Lsim Similarity constraint from Onn to Ψ

ρt,t′(xi) Output similarity between neural oracles for tasks t and t′

τ Temperature parameter in similarity computation
L Overall loss integrating Lkd, Lent, and Lsim

λkd Weight of Lkd in L
λent Weight of Lent in L
λsim Weight of Lsim in L
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B Extended Related Work31

B.1 EHR Data Analytics32

In EHR data analytics, heterogeneous EHR data are widely used to support applications such as risk33

prediction, medication recommendation, and disease progression modeling [6, 20]. For example,34

Long Short-Term Memory (LSTM) models have been applied to capture temporal patterns in time-35

series EHR data, leading to improved diagnostic performance [24].36

To address challenges inherent in EHR data, such as irregular visit intervals, GRU-D [4] extends37

Gated Recurrent Units with masking and time interval mechanisms. BRITS [3] further integrates a38

bidirectional recurrent neural network to jointly impute missing values in time series data and perform39

classification. More recently, irregularity is tackled in both clinical notes and multivariate irregularly40

sampled time series [40], further enhancing predictive performance in downstream clinical tasks.41

These methodological advances improve patient management and healthcare resource allocation [31,42

38], yielding tangible benefits for patients, clinicians, and healthcare institutions. However, such43

progress fundamentally relies on the assumption that the underlying EHR data are of high fidelity—a44

critical yet frequently overlooked prerequisite in real-world EHR data analytics.45

B.2 Data Valuation and Data Shapley Value46

Data valuation provides a principled framework to measure the contribution of individual data47

samples to the performance of downstream analytic models [18, 29, 34]. Several strategies have been48

developed for this purpose. The leave-one-out approach measures sample importance by evaluating49

the change in model performance upon excluding each sample. Influence functions [21] estimate50

importance by analyzing the model’s sensitivity to infinitesimal upweighting of a sample.51

The data Shapley value [9], inspired by the Shapley value in cooperative game theory [33], has52

emerged as a theoretically grounded and equitable method for data valuation. Building on this53

foundation, subsequent works have sought to enhance its theoretical and practical properties. For54

instance, the distributional Shapley framework [8] generalizes the original formulation by defining55

the value of each data point over an underlying data distribution. Beta Shapley [22] introduces a56

relaxation of the efficiency axiom of the Shapley value, which is not essential in machine learning57

contexts, to achieve desirable statistical properties for efficiency. More recently, a hypothesis testing58

framework [36] has been presented to examine the data Shapley value under different utility function59

constraints, motivating a class of utility functions that ensure optimal data selection in such scenarios.60

Other researchers seek to reduce the computational overhead associated with the data Shapley value.61

For example, [17] proposes a suite of techniques to accelerate its computation by introducing specific62

assumptions on the utility function, enabling practical estimation algorithms for machine learning63

tasks. In contrast, a unified framework called stochastic amortization [5] is introduced to speed64

up both feature attribution and data valuation by leveraging amortized computation, which will be65

discussed in detail in Section B.3.66

In addition, the practical utility of the data Shapley value has been evaluated in diverse real-world ap-67

plications. For instance, [37] investigates scenarios where a validation set is unavailable and proposes68

using the diversity of data samples as an intrinsic property of the dataset, therefore independent of69

validation. In another study [35], the data Shapley value is employed to quantify the contribution of70

each training sample to the model’s performance in pneumonia detection, using a large chest X-ray71

medical imaging dataset.72

B.3 Amortized Computation73

Amortized computation (or optimization) [1] uses learning-based models, such as neural networks,74

to exploit shared structure across similar problem instances, thereby enabling efficient solution75

prediction and significantly reducing per-instance computational cost. Compared to non-amortized76

methods, amortized approaches can achieve several orders of magnitude in speedup [1], and have77

been widely adopted to improve efficiency across various domains.78

In meta learning, the Model-Agnostic Meta-Learning (MAML) algorithm [7] is designed to be79

compatible with any model trained via gradient descent, enabling the learning of model parameters80

that can be easily adaptable. A variant that incorporates implicit differentiation [27] further separates81
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the computation of the meta-gradient from the specific choice of the inner-loop optimizer, allowing82

the proposal to tackle a greater number of gradient steps without suffering from vanishing gradients83

or excessive memory usage.84

In explainable machine learning, INVASE [39] performs instance-wise feature selection using a85

selector-predictor-baseline architecture trained jointly to identify informative subsets of features,86

where the baseline network is devised to train the selector network. FastSHAP [16] further amortizes87

the estimation of Shapley values by training an explainer model that approximates them in a single88

forward pass, using a stochastic gradient descent objective based on weighted least squares.89

In reinforcement learning, guided policy search [23] integrates trajectory optimization to direct policy90

learning, mitigating the risk of poor local optima encountered in direct policy search. Similarly,91

Stochastic Value Gradients [12] provide a unified framework that leverages backpropagation to learn92

continuous control policies more effectively.93

Finally, in the context of feature attribution and data valuation, amortized computation is employed94

in [5] to address settings where exact labels are unavailable or expensive to obtain. A stochastic95

amortization technique is therefore proposed to train neural networks using noisy labels, while still96

maintaining strong performance backed by theoretical guarantees.97

B.4 Knowledge Distillation98

Knowledge distillation [13, 26, 10] is a widely adopted technique for model compression and99

acceleration. It facilitates the transfer of knowledge from a large, cumbersome model (“teacher”100

model) to a smaller, more efficient model (“student” model). The objectives of knowledge distillation101

are multifaceted [15], with two particularly relevant objectives: (i) knowledge compression and (ii)102

knowledge adaptation, as described below.103

In knowledge compression, the goal is to preserve the predictive performance of the teacher model in104

a significantly more compact student model. In [13], for example, the authors distill the knowledge of105

an ensemble of models into a single model, achieving competitive performance. In natural language106

processing, DistilBERT [30] compresses the BERT model via distillation, resulting in improved107

inference efficiency while preserving core language understanding capabilities. FitNets [28] extend108

the basic distillation paradigm by training thin and deep student networks using both output predictions109

and intermediate representations from wide, shallower teacher networks as additional supervision.110

In knowledge adaptation, the student model is trained to generalize to new or unseen target domains111

by leveraging knowledge from teacher models trained on related source domains. For instance,112

Cycle-Consistent Adversarial Domain Adaptation (CyCADA) [14] enhances domain adaptation by113

facilitating the alignment in both the generative image space and that in the latent representation114

space while preserving task-relevant semantics. Another example is the Teacher-Student Curriculum115

Learning framework [25], where the teacher automatically selects subtasks for the student, enabling116

progressive learning through a curriculum-based approach.117

C Pseudocode for Core Stages of the Methodology118

This section outlines the pseudocode for the three core stages of the proposed bi-level knowledge119

distillation approach for detecting data deviation in EHR data. The stages are as follows: (i) computing120

task-specific data Shapley values using the data Shapley oracle Ods, (ii) distilling knowledge from121

Ods to the corresponding task-specific neural oracle Onn, and (iii) distilling knowledge from Onn to122

the unified EHR data fidelity predictor Ψ.123

C.1 Algorithm 1: Data Shapley Value Computation Per Task in Ods124

Algorithm 1 conceptually describes the computation of data Shapley values, which serve as the125

ground truth supervision for the first level of knowledge distillation.126

C.2 Algorithm 2: Knowledge Distillation from Ods to Onn127

Algorithm 2 details the training procedure for task-specific neural networks g(t)(x, θ(t)), which serve128

as neural oracles to approximate the data Shapley values produced by Ods.129
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Algorithm 1 Data Shapley Value Computation Per Task in Ods

Input:
K(t) = {(xi, y

(t)
i )}N

(t)−1
i=0 : Dataset for task t ∈ {0, . . . , T − 1}

f (t): Prediction model for task t
m(·, f (t)): Performance evaluation metric for task t

Output:
{η(t)i }

N(t)−1
i=0 : Data Shapley values for each task t

1: for each task t ∈ {0, . . . , T − 1} do
2: for each sample k

(t)
i = (xi, y

(t)
i ) ∈ K(t) do

3: Let Sk
(t)
i

φ be the set of data samples in K(t) preceding k
(t)
i in a permutation φ

4: η
(t)
i ← Eφ∼Φ

[
m

(
Sk

(t)
i

φ ∪ {k(t)i }, f (t)

)
−m

(
Sk

(t)
i

φ , f (t)

)]
5: end for
6: end for
7: return {{η(t)i }

N(t)−1
i=0 }T−1

t=0

Algorithm 2 Knowledge Distillation from Ods to Onn

Input:
Dtrain: Training dataloader yielding batches (xbatch, {η(t)batch}

T−1
t=0 )

Dval: Validation dataloader
{g(t)(·, θ(t)g )}T−1

t=0 : Set of task-specific neural oracle models
optg: Optimizer for parameters {θ(t)g }
LMSE: Mean squared error loss function
E1: Max epochs. P1: Early stopping patience. ϵ1: Stability constant for weighting

Output:
Trained models {g(t)(·, θ(t)g )}T−1

t=0

1: Initialize {θ(t)g }T−1
t=0

2: Initialize {L̄(t)
prev ← 1.0}T−1

t=0 (for dynamic per-task loss weighting)
3: for epoch e← 1 to E1 do
4: for all models g(t) do
5: g(t).train()
6: end for
7: for each batch (xbatch, {η(t)batch}

T−1
t=0 ) in Dtrain do

8: optg.zero_grad()
9: Ltotal_w ← 0

10: for all tasks t ∈ {0, . . . , T − 1} do
11: η̂

(t)
batch ← g(t)(xbatch, θ

(t)
g )

12: L(t)
batch ← LMSE(η

(t)
batch, η̂

(t)
batch)

13: Compute dynamic task weight ω(t):
14: ω(t) ← (e = 1)?1.0 : (L(t)

batch/(L̄
(t)
prev + ϵ1))

15: Ltotal_w ← Ltotal_w + ω(t) · L(t)
batch.

16: end for
17: Ltotal_w.backward()
18: optg.step()
19: end for
20: Update {L̄(t)

prev}T−1
t=0 with current epoch’s computed average task losses

21: Perform validation on Dval; if improvement, save {θ(t)g }; check early stopping (P1)
22: end for
23: Load best saved {θ(t)g }T−1

t=0

24: return {g(t)(·, θ(t)g )}T−1
t=0

v



C.3 Algorithm 3: Knowledge Distillation from Onn to Ψ130

Algorithm 3 describes the training of the final predictor Ψ by aggregating knowledge from the131

task-specific neural oracles g(t)(x, θ(t)) trained in Algorithm 2.132

Algorithm 3 Knowledge Distillation from Onn to Ψ

Input:
Dtrain: Training dataloader yielding batches xbatch
Dval: Validation dataloader
{g(t)(·, θ(t)g )}T−1

t=0 : Trained task-specific neural oracles from Algorithm 2 (frozen)
Ψ(·, θΨ): Unified EHR data fidelity predictor model
A(·, θA): Attention subnetwork
optΨ: Optimizer for θΨ, θA.
τ : Temperature for Lsim. T : Number of tasks
E2: Max epochs. P2: Early stopping patience. ϵ2: Stability constant for weighting

Output:
Trained Ψ(·, θΨ) and A(·, θA)

1: Initialize θΨ, θA
2: Initialize L̄prev,kd, L̄prev,ent, L̄prev,sim ← 1.0 (for dynamic loss term weighting)
3: for epoch e← 1 to E2 do
4: Ψ.train(); A.train()
5: for each batch xbatch in Dtrain do
6: optΨ.zero_grad()
7: Perform model forward propagation:
8: {η̂(t)batch ← g(t)(xbatch, θ

(t)
g )}T−1

t=0

9: {h(t)
batch ← g(t).get_hidden(xbatch)}T−1

t=0

10: Ψ̂batch ← Ψ(xbatch, θΨ); obatch ← Ψ.get_hidden(xbatch)

11: α
(t)
batch ← A(obatch∥h(t)

batch, θA)
12: Compute loss terms:
13: Lkd ← LMSE(Ψ̂batch,

∑
t α

(t)
batch ⊙ detach(η̂(t)batch))

14: Lent ← mean(DKL(αbatch∥Uniform(1/T )))

15: Lsim ← meansamples i∈batch(
∑

0≤t<t′<T α
(t)
i α

(t′)
i exp(−MSE(η̂(t)i , η̂

(t′)
i )/τ))

16: Compute dynamic weights for loss terms:
17: λkd ← (e = 1)?1.0 : (Lkd/(L̄prev,kd + ϵ2)); similar for λent, λsim
18: Ltotal ← λkdLkd + λentLent + λsimLsim
19: Ltotal.backward()
20: optΨ.step()
21: end for
22: Update L̄prev,kd, L̄prev,ent, L̄prev,sim with current epoch’s computed averages
23: Perform validation on Dval; if improvement, save θΨ, θA; check early stopping (P2)
24: end for
25: Load best saved θΨ, θA
26: return Ψ(·, θΨ),A(·, θA)

D Computational Complexity Analysis133

The computational complexity of the three proposed algorithms is analyzed below. The following134

notations are adopted:135

• T : Total number of tasks.136

• N (t): Number of data samples for task t.137

• M: Number of Monte Carlo permutations for data Shapley value approximation.138

• N1 and N2: Total number of training samples in Algorithm 2 and Algorithm 3, respectively.139

• E1, E2: Number of training epochs for Algorithm 2 and Algorithm 3, respectively.140
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• B1, B2: Batch sizes for Algorithm 2 and Algorithm 3, respectively.141

• C
(t)
inf : Computational cost of a single inference (prediction) using the task-specific model142

f (t) (Algorithm 1).143

• m: Performance evaluation metric. Evaluating m(S, f (t)) on a subset S using a fixed model144

f (t) incurs a cost of O(|S| · C(t)
inf ).145

• For a generic neural network model Net with parameters θNet:146

– Cfwd(Net, batch_size): Cost of a forward pass.147

– Cbwd(Net, batch_size): Cost of a backward pass (gradient computation), typically148

approximated as Cbwd ≈ β · Cfwd for some constant β ≥ 1.149

– Coptim(Net): Cost of updating parameters via an optimizer, typically O(|θNet|).150

– Ctrain_step(Net, batch_size): Total cost of a single training step, computed as:151

Ctrain_step(Net, batch_size) = Cfwd(Net, batch_size)+Cbwd(Net, batch_size)+Coptim(Net)

• g(t): Task-specific neural oracle.152

• Ψ: Unified EHR data fidelity predictor.153

• A: Attention subnetwork.154

D.1 Computational Complexity Analysis of Algorithm 1155

The exact computation of data Shapley values is known to be NP-hard. To address this, the proposed156

algorithm adopts a Monte Carlo approximation. For each task t and each of its N (t) samples k(t)i ,157

the data Shapley value is estimated by averaging the marginal contributions across M random158

permutations of K(t).159

For a given permutation φ, the marginal contribution of k(t)i requires two evaluations of the perfor-160

mance metric m: namely, m(Sk
(t)
i

φ ∪ k
(t)
i , f (t)) and m(Sk

(t)
i

φ , f (t)), where Sk
(t)
i

φ denotes the set of161

data points preceding k
(t)
i in the permutation, with an expected size of O(N (t)). Hence, computing162

one marginal contribution has a time complexity of O(N (t) · C(t)
inf ).163

Aggregating across allM permutations and N (t) samples for each task t yields a total complexity of:164

O

(
T−1∑
t=0

M ·N (t) · (N (t)C
(t)
inf )

)
= O

(
M

T−1∑
t=0

(N (t))2C
(t)
inf

)

Assuming uniform dataset size and inference cost across tasks, i.e., N (t) ≈ Navg and C
(t)
inf ≈ Cinf_avg,165

this simplifies to:166

O(T · M ·N2
avg · Cinf_avg)

Moreover, under the high-level asymptotic assumption that per-sample inference cost is constant, i.e.,167

Cinf_avg = O(1) (due to fixed model architecture and input dimensionality), the overall computational168

complexity becomes:169

O(T · M ·N2
avg)

D.2 Computational Complexity Analysis of Algorithm 2170

In this stage, T task-specific neural oracle models {g(t)}T−1
t=0 are jointly trained for E1 epochs. Each171

epoch processes ⌈N1/B1⌉ batches, where N1 is the total number of training samples and B1 is the172

batch size. During each batch, a joint training step is performed using a shared loss function Ltotal_w,173

involving all T models.174

Let the per-batch training cost for model g(t) be denoted by Ctrain_step(g
(t), B1). The total training175

cost across all tasks is given by:176
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O

(
E1 ·

N1

B1
·
T−1∑
t=0

Ctrain_step(g
(t), B1)

)

Assuming that all task-specific models g(t) have similar computational complexity, we define a177

representative per-batch training cost as Cg_train_step(B1), yielding:178

O(E1 ·
N1

B1
· T · Cg_train_step(B1))

Further assuming that the per-batch training cost scales linearly with the batch size (i.e.,179

Cg_train_step(B1) = O(B1), with a constant factor determined by a fixed model architecture), the180

overall time complexity simplifies to:181

O(E1 ·N1 · T )

D.3 Computational Complexity Analysis of Algorithm 3182

In this algorithm, the unified predictor Ψ and attention subnetwork A are trained for E2 epochs using183

⌈N2/B2⌉ batches. The computational cost per batch consists of the following components:184

1. Inference from frozen models: Forward passes through the T frozen task-specific models185

g(t) to obtain hidden representations h(t), with total cost
∑T−1

t=0 Cfwd(g
(t), B2).186

2. Ψ forward pass: Computes the prediction Ψ̂ and hidden representation o, with cost187

Cfwd(Ψ, B2).188

3. A forward pass: Computes attention scores with cost Cfwd(A, B2).189

4. Loss computation:190

• Knowledge distillation loss Lkd: O(B2T ).191

• Relative entropy constraint Lent: O(B2T ).192

• Similarity constraint Lsim: O(B2T
2) (due to pairwise comparisons).193

The dominant cost among these is:194

Closs_calc = O(B2T
2)

5. Backward pass for Ψ,A: Cbwd(Ψ, B2) + Cbwd(A, B2).195

6. Optimizer update for θΨ, θA: Coptim(Ψ) + Coptim(A).196

Aggregating these components, the total time is:197

O

(
E2 ·

N2

B2
·

[
T−1∑
t=0

Cfwd(g
(t), B2) + Ctrain_step(Ψ, B2) + Ctrain_step(A, B2) + Closs_calc

])
Assuming an average forward pass cost Cg_fwd_avg(B2) for each of the T frozen g(t) models, and198

recalling that Closs_calc = O(B2T
2), the total time complexity simplifies to:199

O

(
E2 ·

N2

B2
·

[
T · Cg_fwd_avg(B2) + Ctrain_step(Ψ, B2) + Ctrain_step(A, B2) + B2T

2

])

In the high-level asymptotic case where all forward and training step costs scale linearly with batch200

size (i.e., Cg_fwd_avg(B2) = O(B2), Ctrain_step(Ψ, B2) = O(B2), and Ctrain_step(A, B2) = O(B2)),201

the expression becomes:202

O

(
E2 ·

N2

B2
· (T ·B2 +B2 +B2 +B2T

2)

)
= O(E2 ·N2(T + T 2))
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Therefore, the most simplified dominant time complexity is:203

O(E2 ·N2 · T 2)

E Extended Experimental Set-up204

This section provides additional details of the experimental set-up for both the AKI (acute kidney205

injury) dataset from our hospital and the publicly available MIMIC-III benchmark dataset [19].206

For both datasets, we partition the extracted samples into 85% for model development and 15% as a207

held-out set for computing data Shapley values. Within the development set, we further divide the208

data into 80% for training, 10% for validation, and 10% for testing. Model training is performed209

using the Adam optimizer. Hyperparameters are selected based on the best validation performance,210

measured by the minimum loss L (Equation (12)), averaged over three independent runs. The final211

model is then evaluated on the test set using the selected hyperparameter configuration. Additional212

setup details specific to each dataset are provided in Sections E.1 and E.2.213

The experiments are conducted on a server equipped with two Intel Xeon Gold 6248R CPUs, 768 GB214

of memory, and eight NVIDIA V100 GPUs connected via NVLINK. All models are implemented215

using PyTorch version 1.12.1.216

To evaluate the effectiveness of our proposed bi-level knowledge distillation approach, we compute217

the expected EHR data fidelity decline, ∆Ψ, as defined in Equation (1), and use its sign to indicate218

the presence or absence of a detected deviation. Our approach is compared against several widely219

adopted unsupervised anomaly detection baselines, as detailed below.220

• One-Class SVM: Constructs a decision boundary in a high-dimensional feature space using a221

radial basis function (RBF) kernel. During training, up to 5% of the samples are allowed to be222

treated as outliers. Anomaly scores are derived based on each sample’s distance to the learned223

decision boundary.224

• Local Outlier Factor: Estimates the local density of each sample based on its 20 nearest neighbors.225

Samples exhibiting substantially lower local reachability density are identified as outliers. The226

detection threshold is set at the 5th percentile of the Local Outlier Factor scores computed on the227

training data.228

• Gaussian Mixture Model: Assumes that the samples are generated from a mixture of Gaussian229

distributions. Anomaly scores are computed based on the log-likelihood of each sample under the230

fitted model. Samples with log-likelihoods below the 5th percentile of the training distribution are231

flagged as outliers.232

• k-Means Distance: Computes the Euclidean distance between each sample and its assigned cluster233

centroid obtained via k-Means clustering. Samples with distances exceeding the 90th percentile of234

the training distances are classified as outliers.235

• PCA Reconstruction Error: Applies principal component analysis (PCA) to reduce dimensionality236

while retaining 60% of the total variance. Anomaly scores are computed as the reconstruction237

error for each sample. The 90th percentile of reconstruction errors on the training set is used as the238

detection threshold.239

E.1 Experimental Set-up on the AKI Dataset240

The original cohort from our hospital’s EHR system comprises 2,888 patients diagnosed with AKI241

(acute kidney injury) [2] between November 2015 and October 2016, with follow-up data collected242

over a five-year period to monitor their post-AKI outcomes. We focus on four major adverse kidney243

events (MAKE) [32], which serve as four prediction tasks in our setting and reflect long-term244

deterioration in kidney function. These events include: (i) the development of new or progressive245

CKD (chronic kidney disease), defined as a decline of more than 30% in baseline eGFR; (ii) the246

onset of ESKD (end-stage kidney disease), indicated by eGFR falling below 15mL/min/1.73m2;247

(iii) dependence on RRT (renal replacement therapy); and (iv) mortality. The prevalence of each task248

(i.e., proportion of positive samples) in the original AKI dataset is summarized in Table 2.249

We define a 90-day observation window following the initial AKI diagnosis and use the patients’250

laboratory test results within this period as model input. Applying this criterion results in the exclusion251

of 651 patients (without laboratory tests in the observation window), yielding a final cohort of 2,237252
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Table 2: Prevalence per task in the original AKI dataset.
Task # Positive %
New or Progressive CKD 941 32.58
ESKD Onset 295 10.21
Post-AKI RRT Dependence 118 4.09
Mortality 670 23.20

90 days 5 years - 90 days

Time
Observation 

Window
Prediction 
Window

AKI Diagnosis

Figure 1: Relationship between observation window and prediction window in the AKI dataset.

patients. The objective is to predict the occurrence of the four target events within a subsequent253

prediction window. The temporal relationship between the observation and prediction windows is254

illustrated in Figure 1. Specifically, we extract 43 distinct types of laboratory tests recorded during255

the observation window, comprising a total of 130,755 test entries.256

Regarding the hyperparameter settings, the task-specific neural oracle Onn is implemented as a257

multilayer perceptron (MLP) with three hidden layers of sizes 32, 16, and 8, respectively. The unified258

EHR data fidelity predictor Ψ is also an MLP, with hidden layers of sizes 64, 32, and 16. The259

representation dimension of r(t)(x) in the attention subnetwork (Equation (7)) is set to 32. We use a260

learning rate of 0.01 for training Onn and 0.0001 for Ψ. The temperature parameter τ in Equation261

(11) is set to 0.5. Training is conducted for a maximum of 1000 epochs with a batch size of 128. Early262

stopping is employed if the validation performance does not improve for 50 consecutive epochs.263

E.2 Experimental Set-up on the MIMIC-III Dataset264

MIMIC-III [19] (Medical Information Mart for Intensive Care) is a widely used benchmark dataset265

in EHR data analytics. It comprises EHR data from over forty thousand patients admitted to intensive266

care units (ICU) between 2001 and 2012. In this study, we adopt the multi-task learning benchmark267

established in [11], focusing on the phenotype classification application. This application involves268

predicting the presence of 25 distinct acute care conditions (i.e., phenotypes) during a given ICU stay,269

formulated as a multilabel classification problem.270

In this dataset, a single patient may have multiple hospital admissions, and each admission can271

include multiple ICU stays. Following the protocol in [11], we treat each ICU stay as an individual272

sample, resulting in a total of 41,902 samples. The goal of phenotype classification is to predict the273

presence of specific acute care conditions (phenotypes) for each ICU stay. Detailed descriptions of274

the phenotypes and their corresponding prevalences (i.e., the proportion of positive samples) are275

provided in Table 3.276

For each ICU stay, we extract 17 physiological variables as input features. Each variable is aggregated277

across seven predefined time span ranges: the first and last 10%, 25%, and 50% of the stay duration,278

as well as the entire time span. Within each time range, we compute six statistical measures per279

variable: minimum, maximum, mean, standard deviation, skewness, and the number of recorded280

measurements. This preprocessing procedure yields a total of 714 features per sample for subsequent281

analysis.282

The task-specific neural oracle Onn is implemented as an MLP with three hidden layers of dimen-283

sions 512, 256, and 128, respectively. The unified EHR data fidelity predictor Ψ shares the same284

architecture, also comprising hidden layers of sizes 512, 256, and 128. The representation dimension285

of r(t)(x) in the attention subnetwork (Equation (7)) is set to 128. We use a learning rate of 0.01 for286

training Onn and 0.001 for Ψ. The temperature parameter τ in Equation (11) is fixed at 2.0. Models287

are trained for a maximum of 1000 epochs with a batch size of 512. Early stopping is employed288

based on validation performance, with a patience of 50 epochs.289
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Table 3: Prevalence per task in the MIMIC-III dataset.
Task # Positive %
Essential hypertension 17573 41.94
Coronary atherosclerosis and other heart disease 13540 32.31
Cardiac dysrhythmias 13458 32.12
Disorders of lipid metabolism 12162 29.02
Fluid and electrolyte disorders 11254 26.86
Congestive heart failure; nonhypertensive 11220 26.78
Acute and unspecified renal failure 8964 21.39
Complications of surgical procedures or medical care 8695 20.75
Diabetes mellitus without complication 8074 19.27
Respiratory failure; insufficiency; arrest (adult) 7566 18.06
Septicemia (except in labor) 5975 14.26
Pneumonia (except that caused by tuberculosis or sexually transmitted disease) 5815 13.88
Chronic kidney disease 5607 13.38
Hypertension with complications and secondary hypertension 5547 13.24
Chronic obstructive pulmonary disease and bronchiectasis 5455 13.02
Acute myocardial infarction 4337 10.35
Diabetes mellitus with complications 3988 9.52
Other liver diseases 3723 8.89
Pleurisy; pneumothorax; pulmonary collapse 3658 8.73
Shock 3291 7.85
Acute cerebrovascular disease 3079 7.35
Gastrointestinal hemorrhage 3067 7.32
Conduction disorders 3011 7.19
Other lower respiratory disease 2168 5.17
Other upper respiratory disease 1702 4.06

Table 4: Tuning range for hyperparameters on the AKI dataset.
Hyperparameters Tuning Range

Dimensions of g(t)(x, θ(t)) [64, 32, 16], [32, 32, 16], [32, 16, 8]
Dimensions of Ψ(x, θ) [128, 64, 32], [64, 32, 16], [32, 16, 8]
Dimension of r(t)(x) {16, 32}
Learning rate of g(t)(x, θ(t)) {0.0001, 0.001, 0.01}
Learning rate of Ψ(x, θ) {0.0001, 0.001, 0.01}
Temperature τ {0.5, 1.0, 2.0}

F Supplementary Experimental Results290

F.1 Hyperparameter Sensitivity Study on the AKI Dataset291

We perform a comprehensive hyperparameter sensitivity analysis on the AKI dataset collected from292

our hospital. The tuned hyperparameters and their corresponding search ranges are summarized in293

Table 4. The number of training epochs is fixed at 1000, with a batch size of 128. Early stopping is294

applied if the validation performance does not improve for 50 consecutive epochs. The sensitivity295

results are presented in Figure 2. As illustrated, the optimal validation performance is achieved when296

the architecture of g(t)(x, θ(t)) is configured with layer dimensions [32, 16, 8], and Ψ(x, θ) with297

[64, 32, 16]. The representation dimension of r(t)(x) is set to 32. The learning rates for g(t)(x, θ(t))298

and Ψ(x, θ) are set to 0.01 and 0.0001, respectively. The temperature parameter τ is fixed at 0.5.299

This hyperparameter configuration is subsequently applied to the test dataset for reporting the final300

evaluation results.301

xi



0.
00

01
, 0

.0
00

1,
 0

.5

0.
00

01
, 0

.0
00

1,
 1

0.
00

01
, 0

.0
00

1,
 2

0.
00

01
, 0

.0
01

, 0
.5

0.
00

01
, 0

.0
01

, 1

0.
00

01
, 0

.0
01

, 2

0.
00

01
, 0

.0
1,

 0
.5

0.
00

01
, 0

.0
1,

 1

0.
00

01
, 0

.0
1,

 2

0.
00

1,
 0

.0
00

1,
 0

.5

0.
00

1,
 0

.0
00

1,
 1

0.
00

1,
 0

.0
00

1,
 2

0.
00

1,
 0

.0
01

, 0
.5

0.
00

1,
 0

.0
01

, 1

0.
00

1,
 0

.0
01

, 2

0.
00

1,
 0

.0
1,

 0
.5

0.
00

1,
 0

.0
1,

 1

0.
00

1,
 0

.0
1,

 2

0.
01

, 0
.0

00
1,

 0
.5

0.
01

, 0
.0

00
1,

 1

0.
01

, 0
.0

00
1,

 2

0.
01

, 0
.0

01
, 0

.5

0.
01

, 0
.0

01
, 1

0.
01

, 0
.0

01
, 2

0.
01

, 0
.0

1,
 0

.5

0.
01

, 0
.0

1,
 1

0.
01

, 0
.0

1,
 2

Hyperparameters - learning rate of g(t)(x, (t)), learning rate of (x, ), 

32-16-8, 128-64-32, 16

32-16-8, 128-64-32, 32

32-16-8, 32-16-8, 16

32-16-8, 32-16-8, 32

32-16-8, 64-32-16, 16

32-16-8, 64-32-16, 32

32-32-16, 128-64-32, 16

32-32-16, 128-64-32, 32

32-32-16, 32-16-8, 16

32-32-16, 32-16-8, 32

32-32-16, 64-32-16, 16

32-32-16, 64-32-16, 32

64-32-16, 128-64-32, 16

64-32-16, 128-64-32, 32

64-32-16, 32-16-8, 16

64-32-16, 32-16-8, 32

64-32-16, 64-32-16, 16

64-32-16, 64-32-16, 32H
yp

er
pa

ra
m

et
er

s 
- d

im
en

si
on

s 
of

 g
(t)

(x
,

(t)
), 

(x
,

), 
r(t)

(x
) 0.428 0.503 0.427 0.668 0.430 2.327 0.399 0.682 0.404 0.468 0.784 0.443 0.455 0.416 1.024 0.396 0.407 0.399 0.399 0.431 0.412 0.435 0.405 0.431 0.392 0.366 0.369

0.549 0.476 1.255 0.767 0.991 0.418 1.786 0.411 0.429 2.809 0.451 0.468 0.382 0.469 0.418 0.464 0.390 0.418 0.424 0.774 0.403 0.343 0.381 0.375 0.382 0.364 0.735

0.536 4.903 0.450 0.388 0.572 0.437 0.405 0.442 0.459 0.442 24.475 0.441 0.433 0.399 0.442 0.408 0.423 0.458 0.451 0.973 0.388 0.486 0.589 0.391 0.357 0.382 0.578

0.456 4.513 0.486 0.432 0.402 0.510 0.743 0.434 0.439 0.521 0.406 0.467 0.646 0.414 0.426 0.393 0.416 0.409 0.445 0.405 0.833 0.337 0.368 0.611 0.411 0.367 0.377

0.433 0.432 4.300 0.425 0.438 0.419 0.404 0.506 0.462 0.494 0.422 0.421 0.475 0.501 0.429 0.393 0.440 0.423 5.519 0.382 0.425 0.364 0.906 0.396 0.371 0.354 0.394

0.455 0.434 0.407 0.385 0.424 0.501 0.385 0.439 0.432 28.905 0.450 0.517 0.557 0.436 0.457 0.429 0.515 0.402 0.321 0.594 0.486 0.370 0.920 1.765 0.456 0.383 0.386

0.534 0.502 0.818 0.431 0.425 0.426 0.566 1.446 6.806 0.414 25.529 0.528 0.433 0.452 0.466 0.425 0.426 0.432 0.474 0.674 1.290 0.527 0.377 4.863 0.372 0.373 0.376

1.013 0.454 0.486 0.610 0.543 0.454 0.399 0.451 0.430 0.440 1.146 44.942 0.486 0.759 0.449 0.442 0.421 0.415 0.468 0.381 0.849 0.420 0.406 6.765 0.380 0.380 0.376

0.650 0.777 0.456 0.438 0.410 0.456 0.429 0.411 0.473 0.444 0.664 0.470 0.438 1.771 0.459 0.433 0.418 0.482 0.549 0.420 0.425 0.354 0.751 0.381 0.339 0.383 0.416

0.528 0.591 5.467 0.427 3.021 0.603 0.463 0.443 0.530 0.415 0.441 0.540 0.501 0.448 0.471 0.436 0.402 0.468 0.448 0.550 0.492 0.425 0.597 0.386 0.371 0.383 0.399

4.010 0.466 0.541 0.424 0.607 0.906 0.862 0.402 0.446 0.608 0.448 0.619 0.428 0.711 0.440 0.433 0.455 0.410 0.424 2.543 0.391 0.405 0.378 0.374 0.637 0.383 0.435

2.868 0.586 0.581 0.450 0.403 0.477 0.469 0.464 0.431 0.456 0.440 0.520 0.446 0.416 0.430 0.680 0.406 0.447 0.542 0.834 0.400 0.907 0.378 0.421 0.383 0.350 0.384

0.399 14.565 26.295 0.395 0.452 0.598 1.840 0.414 0.431 0.702 0.741 0.563 0.411 0.444 0.425 0.417 0.427 0.435 0.386 0.395 0.444 0.431 0.629 0.419 0.377 0.469 0.390

0.644 0.872 0.460 7.397 0.697 0.470 0.397 3.023 0.447 0.469 1.942 17.597 0.857 0.875 0.625 0.657 0.633 0.412 0.787 0.581 0.389 0.378 0.835 0.374 0.373 0.405 0.387

0.911 31.867 0.976 0.367 2.090 0.425 0.419 0.421 0.415 0.881 0.559 1.582 0.418 1.064 0.442 0.431 0.434 0.421 0.515 0.475 0.533 0.372 0.383 0.397 0.385 0.391 0.387

0.437 0.440 18.129 0.403 0.412 0.427 0.491 0.422 0.440 0.566 0.561 0.520 17.787 0.428 0.592 0.430 0.420 0.427 0.459 0.423 0.406 0.398 0.371 0.389 0.402 0.381 0.414

0.453 0.394 0.488 0.431 0.451 0.416 2.959 0.427 0.611 0.421 0.417 0.431 1.241 0.447 0.447 0.411 0.411 0.417 0.462 0.460 0.421 0.430 0.389 0.635 0.458 0.389 0.387

0.802 0.426 0.865 0.401 0.424 0.472 0.374 0.477 0.439 0.628 0.496 0.409 0.434 0.584 0.436 0.416 0.472 0.417 6.071 1.176 0.411 0.415 2.500 0.678 0.424 0.372 0.387

Validation Losses Across Hyperparameter Configurations

0.35

0.40

0.45

0.50

Figure 2: Hyperparameter sensitivity study results of our proposed bi-level knowledge distillation
approach on the AKI dataset.
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Figure 3: Performance comparison between Ψ
and baselines for EHR Data deviation detection
on the MIMIC-III dataset.
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Figure 4: Impact of deviation magnitudes on ∆Ψ
(data fidelity decline) after deviation injection on
the MIMIC-III dataset.

F.2 Evaluation of Controlled Deviation Injection on the MIMIC-III Dataset302

In this section, we evaluate the effectiveness of the proposed Ψ for detecting deviation in EHR data303

using the MIMIC-III dataset. We adopt a controlled deviation injection experiment similar to that304

conducted on the AKI dataset (Section 4.2), introducing deviation with magnitudes ranging from305

0.1σ to 5σ. The comparative results between Ψ and baseline methods are presented in Figure 3.306

Consistent with the observations on the AKI dataset (Figure 3 in the main paper), both the baselines307

and Ψ exhibit improved AUC performance as the deviation magnitude increases, which aligns with308

the expectation that larger perturbations are more easily detectable. However, Ψ demonstrates superior309

sensitivity to small deviation. Specifically, it achieves an AUC of 0.91 when the deviation is as small310

as 0.1σ, and this performance further improves to 0.94 at 5σ. In contrast, most baseline methods fail311

to respond effectively at lower deviation levels and do not reliably distinguish between perturbed and312

unperturbed samples.313

Among the baselines, One-Class SVM, Local Outlier Factor, and k-Means Distance show negligible314

response until the deviation exceeds 3σ, and their performance remains suboptimal even at 5σ. PCA315

Reconstruction Error outperforms these methods but only achieves an AUC of 0.8 at 5σ. Gaussian316

Mixture Model is the strongest baseline on MIMIC-III, reaching competitive AUC under 5σ, yet it317

remains insensitive to deviation smaller than 1σ, highlighting its limited robustness relative to Ψ.318
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Notably, in contrast to the AKI results, the baseline methods on MIMIC-III consistently fall short of319

Ψ’s performance, even at higher deviation magnitudes. This suggests that the MIMIC-III dataset,320

comprising 25 tasks (phenotypes to classify), poses a more complex deviation detection challenge.321

Nevertheless, Ψ maintains high performance across the entire range of deviation magnitudes, demon-322

strating the effectiveness of bi-level knowledge distillation from task-specific data Shapley oracles in323

enhancing EHR deviation detection.324

F.3 Evaluation of Ψ’s Output Sensitivity on the MIMIC-III Dataset325

We further assess the output sensitivity of Ψ on the MIMIC-III dataset by measuring the fidelity326

decline, denoted as ∆Ψ, under varying magnitudes of injected deviation from 0.1σ to 5σ. The results327

are summarized in Figure 4, which reports the median, interquartile range (IQR), and minimum-328

maximum range of ∆Ψ.329

Consistent with the observations on the AKI dataset (Figure 4 in the main paper), ∆Ψ increases330

monotonically as the deviation magnitude grows. Notably, even when ∆Ψ is close to zero, Ψ remains331

effective at detecting subtle deviation by leveraging the sign of ∆Ψ as a reliable indicator. This is332

corroborated by the high AUC observed in Figure 3 at small deviation levels, reinforcing the ability of333

Ψ to identify early-stage deviation that are typically overlooked by baseline methods. This property334

is particularly valuable for early warning applications in EHR data analytics.335

Additionally, we observe that the absolute values of ∆Ψ on the MIMIC-III dataset are generally336

smaller than those on the AKI dataset, suggesting that the output sensitivity of Ψ varies less markedly337

with increasing deviation magnitude in this setting. Furthermore, ∆Ψ can be negative under small338

deviation, indicating occasional prediction errors by Ψ in extreme cases. These findings underscore the339

increased difficulty of the MIMIC-III scenario, consistent with the baseline performance degradation340

reported in Section F.2. Nevertheless, Ψ continues to deliver robust deviation detection performance,341

even in this more complex and diverse application context.342

G Broader Impact343

The proposed bi-level knowledge distillation approach enables reliable detection of potential data344

deviation in EHR data arising from sources such as pre-analytical variability, documentation errors,345

or unvalidated data sources. By assessing the EHR data fidelity, the approach enhances the reliability346

and accuracy of downstream clinical decisions and interventions. As such, it represents a promising347

direction for improving data acquisition, collection, and recording protocols, and may serve as a348

foundation for future error correction and calibration mechanisms.349

Beyond these technical contributions, it is essential to involve clinicians and healthcare professionals350

when applying EHR deviation detection in clinical practice. In particular, a decline in data fidelity351

may not solely stem from artifacts or errors—it may also reflect meaningful underlying physiological352

dynamics. In such cases, additional contextual information or multimodal data may be required to353

accurately interpret the deviation and to understand the patient’s clinical condition. Addressing this354

challenge necessitates collaborative efforts between computational researchers and domain experts,355

and highlights an important open area for future investigation.356
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