Supplementary material: Analytical Scripts for Trajectory Analysis and Machine Learning Predictive Modeling

Part 1: Latent Class Mixed Modeling (LCMM) for Trajectory Analysis

library(lcmm)

# Set seed for reproducibility

set.seed(123)

# Fit the baseline 1-class model

md_1 <- hlme(

  fixed = EASIX ~ 1 + timepoint + I(timepoint^2),

  random = ~ 1 + timepoint,

  subject = "id",

  ng = 1,

  idiag = FALSE,

  data = DATA

)

# Initialize storage for models and evaluation metrics

models <- list()

models[[1]] <- md_1

metrics <- data.frame(Classes = 1, BIC = md_1$BIC)

# Iterate to fit multi-class models (2 to 6 classes)

for (i in 2:6) {

  md_i <- hlme(

    fixed = EASIX ~ 1 + timepoint + I(timepoint^2),

    mixture = ~ 1 + timepoint + I(timepoint^2),

    random = ~ 1 + timepoint,

    subject = "id",

    ng = i, 

    nwg = TRUE, 

    idiag = FALSE, 

    data = DATA, 

    B = md_1

  )

  models[[i]] <- md_i

  metrics <- rbind(metrics, data.frame(Classes = i, BIC = md_i$BIC))

}

# Display the model selection results based on BIC

print(metrics)

Part 2: Machine Learning Predictive Modeling and Validation

import os

import pickle

import numpy as np

import warnings

from sklearn.model_selection import GridSearchCV

from sklearn.linear_model import LogisticRegression

from sklearn.tree import DecisionTreeClassifier

from sklearn.ensemble import RandomForestClassifier

from sklearn.svm import SVC

from sklearn.neural_network import MLPClassifier

import xgboost as xgb

import lightgbm as lgb

warnings.filterwarnings("ignore")

os.environ['JOBLIB_TEMP_FOLDER'] = '/tmp'

# Note: X_train, X_train_scaled, and y_train have been pre-processed and loaded.

# The random_state is globally fixed for reproducible results.

# 1. Logistic Regression

lr_default = LogisticRegression(random_state=123, max_iter=1000, class_weight='balanced')

param_grid_lr = {'C': [0.01, 0.1, 1, 10, 100], 'penalty': ['l1', 'l2'], 'solver': ['liblinear']}

grid_search_lr = GridSearchCV(estimator=lr_default, param_grid=param_grid_lr, scoring='roc_auc', cv=10, n_jobs=-1)

grid_search_lr.fit(X_train_scaled, y_train)

lr_model_best = grid_search_lr.best_estimator_

# 2. Decision Tree

tree_default = DecisionTreeClassifier(random_state=123)

param_grid_tree = {'max_depth': [3, 5, 10, None], 'min_samples_split': [5, 10, 20], 'max_features': ['sqrt', None], 'ccp_alpha': [0.0, 0.01, 0.1]}

grid_search_tree = GridSearchCV(estimator=tree_default, param_grid=param_grid_tree, scoring='roc_auc', cv=10, n_jobs=-1)

grid_search_tree.fit(X_train, y_train)

tree_model_best = grid_search_tree.best_estimator_

# 3. Random Forest

rf_model_default = RandomForestClassifier(random_state=123, oob_score=True, class_weight='balanced', max_depth=10, min_samples_leaf=2, bootstrap=True, n_jobs=-1)

param_grid_rf = {'n_estimators': [100, 200, 300, 400, 500], 'min_samples_split': [5, 8, 10], 'max_features': ['sqrt', None], 'bootstrap': [True], 'class_weight': ['balanced'], 'max_depth': [10], 'min_samples_leaf': [2]}

grid_search_rf = GridSearchCV(estimator=rf_model_default, param_grid=param_grid_rf, scoring='roc_auc', cv=10, n_jobs=-1)

grid_search_rf.fit(X_train, y_train)

rf_model_best = grid_search_rf.best_estimator_

# 4. XGBoost

xgb_default = xgb.XGBClassifier(random_state=123, eval_metric='logloss')

param_grid_xgb = {'max_depth': [3, 5, 7], 'learning_rate': [0.01, 0.05, 0.1], 'n_estimators': [200, 300, 400], 'colsample_bytree': [0.7, 0.8], 'subsample': [0.7, 0.8], 'gamma': [0], 'reg_alpha': [0], 'reg_lambda': [5]}

grid_search_xgb = GridSearchCV(estimator=xgb_default, param_grid=param_grid_xgb, scoring='roc_auc', cv=10, n_jobs=-1)

grid_search_xgb.fit(X_train, y_train)

xgb_model_best = grid_search_xgb.best_estimator_

# 5. LightGBM

lgb_default = lgb.LGBMClassifier(random_state=123, class_weight='balanced', n_jobs=-1)

param_grid_lgb = {'learning_rate': [0.05, 0.1], 'num_leaves': [15, 31], 'n_estimators': [100, 200], 'subsample': [0.8, 0.9], 'colsample_bytree': [0.8, 0.9], 'reg_alpha': [0, 0.1], 'reg_lambda': [1, 5], 'min_child_samples': [5, 10]}

grid_search_lgb = GridSearchCV(estimator=lgb_default, param_grid=param_grid_lgb, scoring='roc_auc', cv=10, n_jobs=-1)

grid_search_lgb.fit(X_train, y_train)

lgb_model_best = grid_search_lgb.best_estimator_

# 6. Support Vector Machine (SVM)

svm_default = SVC(probability=True, random_state=123, class_weight='balanced')

param_grid_svm = {'C': [0.1, 1, 10], 'kernel': ['linear', 'rbf'], 'gamma': ['scale', 'auto'], 'class_weight': ['balanced', None]}

grid_search_svm = GridSearchCV(estimator=svm_default, param_grid=param_grid_svm, scoring='roc_auc', cv=10, n_jobs=-1)

grid_search_svm.fit(X_train_scaled, y_train)

svm_model_best = grid_search_svm.best_estimator_

# 7. Artificial Neural Network (ANN)

# Implementing sample weight for class imbalance

class_counts = np.bincount(y_train)

class_weights = len(y_train) / (len(class_counts) * class_counts)

sample_weight = np.array([class_weights[cls] for cls in y_train])

ann_default = MLPClassifier(random_state=123, hidden_layer_sizes=(64, 32), activation='relu', solver='adam', alpha=0.001, learning_rate_init=0.001, max_iter=2000, early_stopping=True, validation_fraction=0.1, n_iter_no_change=30, tol=1e-4)

param_grid_ann = {'hidden_layer_sizes': [(32,), (64,), (32, 32), (64, 32), (64, 64)], 'activation': ['relu', 'tanh'], 'solver': ['adam', 'sgd'], 'alpha': [0.0001, 0.001, 0.01], 'learning_rate': ['constant', 'adaptive'], 'learning_rate_init': [0.0001, 0.001, 0.01]}

grid_search_ann = GridSearchCV(estimator=ann_default, param_grid=param_grid_ann, scoring='roc_auc', cv=10, n_jobs=-1)

grid_search_ann.fit(X_train_scaled, y_train, sample_weight=sample_weight)

ann_model_best = grid_search_ann.best_estimator_

# 8. Save Optimized Models

models = {

    'lr_model.pkl': lr_model_best,

    'tree_model.pkl': tree_model_best,

    'rf_model.pkl': rf_model_best,

    'xgb_model.pkl': xgb_model_best,

    'lgb_model.pkl': lgb_model_best,

    'svm_model.pkl': svm_model_best,

    'ann_model.pkl': ann_model_best

}

for filename, model in models.items():

    with open(filename, 'wb') as f:

        pickle.dump(model, f)

