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Sample Size Calculation [1]
We calculated that 13,476 participants would provide 80% power to detect a relative risk of 0.80 for the primary outcome with a two-sided alpha of 0.05, assuming a 5% baseline hospitalization rate based on Japanese national health statistics.

Missing Data Handling [2]
Missing covariate data were addressed using multiple imputation by chained equations (MICE) with the following specifications:
Number of imputations: 5
Burn-in iterations: 10
Maximum iterations: 25
Imputation models: Predictive mean matching for continuous variables, logistic regression for binary variables, ordered logistic regression for ordinal variables
Sample posterior: True (enabling proper uncertainty propagation)
Convergence assessed via trace plots and Gelman-Rubin statistic (<1.1 for all variables)

Inverse Probability of Censoring Weights (IPCW)
To address potential attrition bias, we computed stabilized IPCW using:

Where:
= censoring indicator (1 if lost to follow-up, 0 if completed)
 = baseline covariates
Weights were trimmed at the 1st and 99th percentiles to prevent extreme weights

Modified Poisson Regression
We used modified Poisson regression with robust standard errors to estimate relative risks for binary outcomes:

Where sandwich estimators (HC0) were used for variance estimation to account for model misspecification.

Dose-Response Analysis [3]
Restricted cubic splines with three degrees of freedom were fitted to examine non-linear relationships:
Degrees of freedom: 3
Range: 13-52 (full range of HI scores)
Reference value: median HI score (29)
Test for non-linearity: Wald test comparing spline model to linear model

Multiple Testing Correction [4]
Benjamini-Hochberg procedure: False discovery rate controlled at 0.05
Bonferroni correction: Family-wise error rate = 0.05/32 = 0.00156 for 32 outcomes

E-value Calculation [5]

For the confidence interval: calculated using the CI limit closer to the null

Complete Case Analysis [6]
Restricted to participants with no missing covariate data (n=10,876, 70.1%)
Alternative Categorizations
Quartile analysis: HI score divided into four equal groups

Causal Discovery Algorithms [7-10]
We employed four complementary causal discovery algorithms with temporal constraints to prevent implausible relationships (e.g., 2023 outcomes cannot cause 2021 baseline characteristics).

Direct Linear Non-Gaussian Acyclic Model (DirectLiNGAM)
DirectLiNGAM identifies causal direction in linear acyclic models by leveraging non-Gaussianity of data distributions. The algorithm assumes that for , if X and error term e are independent and at least one has non-Gaussian distribution, the causal direction can be identified through asymmetry in residual independence.
Implementation: gCastle library v1.0.4rc1
Pruning threshold: 0.05
Prior knowledge matrix: Temporal constraints encoded

Gradient-based Optimization of DAG-penalized Likelihood (GOLEM)
GOLEM reformulates DAG learning as a continuous optimization problem with score function:

Where:
l(W;X) = negative log-likelihood
 = sparsity penalty (0.0001)
 = acyclicity penalty (1.0)
Learning rate: 1e-4
Iterations: 10,000
Graph threshold: 0.001

DAGs via M-matrices for Acyclicity (DAGMA)
DAGMA uses log-determinant characterization of acyclicity:

Implementation: dagma library v1.0.0
Neural network architecture: [n_variables, 32, 1]
 = = 0.001
Learning rate: 0.0003
Warm-up iterations: 1,000
Training iterations: 8,000
Weight threshold: 0.1

Causal discovery with Reinforcement Learning (CORL)
CORL frames graph generation as sequential decision-making where an agent learns to add edges maximizing a reward signal (score function reflecting data fit).
Implementation: gCastle library
Encoder: Transformer-based (4 heads, 4 blocks)
Batch size: 32
Actor/Critic learning rate: 1e-4
Iterations: 500
Reward score type: BIC
Edge threshold: 0.00001
Data type: float64

Cross-Validation for Causal Discovery
Method: 10-fold stratified cross-validation
Retention criterion: Edges detected in ≥6 folds (60% consistency)
Separate analyses for disease/infection and symptom outcomes
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