# Imports & helpers (put only ONCE at the very top)
import numpy as np
import pandas as pd
import torch
from torch.utils.data import TensorDataset, DataLoader
import torch.nn as nn
from sklearn.model_selection import train_test_split
from sklearn.metrics import roc_auc_score, confusion_matrix, recall_score, precision_score, accuracy_score


# Data loading (run ONCE)
file_path = "D:/thesis/implementation/data/scenario/article6/final_work.csv"
df = pd.read_csv(file_path)
if 'HardCVD1st_new' in df.columns:
    df = df.drop(columns=['HardCVD1st_new'])
df = df.replace(r'^\s*$', np.nan, regex=True)
phase_suffixes = ['.1', '.2', '.3', '.4']
feature_cols = [col for col in df.columns if any(col.endswith(suf) for suf in phase_suffixes)]
for col in feature_cols:
    df[col] = pd.to_numeric(df[col], errors='coerce')
ID_COL = 'code'
TARGET_COL = 'CVD1st'
SEX_COL = 'sex'
base_feats = sorted(list(set([col[:-2] for col in feature_cols])))
PHASES = phase_suffixes


#functions
def make_sequence_arrays(df, ID_COL, TARGET_COL, phase_suffixes=PHASES):
    N = df.shape[0]
    F = len(base_feats)
    T = len(phase_suffixes)
    X = np.zeros((N, T, F), dtype=np.float32) * np.nan
    mask = np.zeros((N, T, F), dtype=np.float32)
    for i, feat in enumerate(base_feats):
        for t, suf in enumerate(phase_suffixes):
            col = feat + suf
            if col in df.columns:
                X[:, t, i] = df[col].values
                mask[:, t, i] = ~df[col].isna().values
    y = df[TARGET_COL].values.astype(np.float32)
    patient_ids = df[ID_COL].values
    return X, y, mask, base_feats, patient_ids

class GRUClassifier(nn.Module):
    def __init__(self, n_features, hidden_dim=64, num_layers=1):
        super().__init__()
        self.gru = nn.GRU(n_features, hidden_dim, num_layers, batch_first=True)
        self.fc = nn.Linear(hidden_dim, 1)
    def forward(self, x):
        out, _ = self.gru(x)
        out = out[:, -1, :]
        out = self.fc(out)
        return torch.sigmoid(out).squeeze(1)

class LSTMClassifier(nn.Module):
    def __init__(self, n_features, hidden_dim=64, num_layers=1):
        super().__init__()
        self.lstm = nn.LSTM(n_features, hidden_dim, num_layers, batch_first=True)
        self.fc = nn.Linear(hidden_dim, 1)
    def forward(self, x):
        out, _ = self.lstm(x)
        out = out[:, -1, :]
        out = self.fc(out)
        return torch.sigmoid(out).squeeze(1)

def train_model(model, train_loader, epochs=20):
    optimizer = torch.optim.Adam(model.parameters(), lr=1e-3)
    loss_fn = nn.BCELoss()
    for epoch in range(epochs):
        model.train()
        total_loss = 0
        for xb, yb in train_loader:
            optimizer.zero_grad()
            preds = model(xb)
            # ADD THIS:
            preds = preds.view(-1)   # <-- ADD THIS LINE!
            loss = loss_fn(preds, yb)
            loss.backward()
            optimizer.step()
            total_loss += loss.item()
        print(f"Epoch {epoch+1}, Train loss: {total_loss/len(train_loader):.4f}")


def permutation_importance_lstm(model, X, y):
    with torch.no_grad():
        baseline_preds = model(torch.tensor(X, dtype=torch.float32)).numpy()
    baseline_auc = roc_auc_score(y, baseline_preds)
    n_phases = X.shape[1]
    n_features = X.shape[2]
    importances = np.zeros((n_phases, n_features))
    for p in range(n_phases):
        for f in range(n_features):
            X_perm = X.copy()
            X_perm[:, p, f] = np.random.permutation(X_perm[:, p, f])
            with torch.no_grad():
                preds = model(torch.tensor(X_perm, dtype=torch.float32)).numpy()
            auc = roc_auc_score(y, preds)
            importances[p, f] = baseline_auc - auc
    return importances
    
def X_select_seq(X, feat_idxs):
    # X: [samples, phases, features]
    # feat_idxs: indices of features to keep
    return X[:, :, feat_idxs]


def evaluate_model(model, data_loader, thresholds=[0.01,0.02,0.03,0.04,0.05,0.06,0.07,0.08,0.09,0.1,0.15,0.20]):
    model.eval()
    preds, true = [], []
    with torch.no_grad():
        for xb, yb in data_loader:
            p = model(xb)
            # ADD THIS:
            p = p.view(-1)   # <-- ADD THIS LINE!
            preds.extend(p.cpu().numpy())
            true.extend(yb.cpu().numpy())
    preds = np.array(preds)
    true = np.array(true)
    auroc = roc_auc_score(true, preds)
    for thresh in thresholds:
        pred_labels = (preds >= thresh).astype(int)
        cm = confusion_matrix(true, pred_labels)
        recall = recall_score(true, pred_labels)
        precision = precision_score(true, pred_labels)
        acc = accuracy_score(true, pred_labels)
        print(f"\nThreshold={thresh:.2f}")
        print(pd.DataFrame(cm, columns=['Pred 0', 'Pred 1'], index=['True 0', 'True 1']))
        print(f"Recall: {recall:.2f} | Precision: {precision:.2f} | Accuracy: {acc:.2f} | AUROC: {auroc:.3f}")


# men
men_mask = df['sex_3'] == 1
X, y, mask, base_feats, patient_ids = make_sequence_arrays(df[men_mask], ID_COL, TARGET_COL)
df[men_mask]

import numpy as np
import torch
import pandas as pd
from sklearn.metrics import (
    roc_auc_score, confusion_matrix,
    recall_score, precision_score, accuracy_score
)

def auc_ci_bootstrap(y_true, y_score, n_bootstraps=2000, alpha=0.95, seed=42):
    """
    Nonparametric bootstrap CI for AUROC.
    Skips samples that end up with only one class.
    """
    rng = np.random.RandomState(seed)
    y_true = np.asarray(y_true)
    y_score = np.asarray(y_score)
    n = len(y_true)

    aucs = []
    for _ in range(n_bootstraps):
        idx = rng.randint(0, n, n)
        if len(np.unique(y_true[idx])) < 2:
            continue
        aucs.append(roc_auc_score(y_true[idx], y_score[idx]))

    auroc = roc_auc_score(y_true, y_score)
    if len(aucs) == 0:
        # fallback if every bootstrap collapsed to one class (very imbalanced tiny sets)
        return auroc, np.nan, np.nan

    q_low = (100 - 100*alpha)/2.0
    q_high = 100 - q_low
    lower = np.percentile(aucs, q_low)
    upper = np.percentile(aucs, q_high)
    return auroc, lower, upper

def evaluate_model(
    model, data_loader,
    thresholds=[0.01,0.02,0.03,0.04,0.05,0.06,0.07,0.08,0.09,0.10,0.15,0.20],
    n_bootstraps=2000, alpha=0.95, seed=42
):
    model.eval()
    preds, true = [], []
    with torch.no_grad():
        for xb, yb in data_loader:
            p = model(xb)
            # If your model outputs logits, uncomment:
            # p = torch.sigmoid(p)
            p = p.view(-1)
            preds.extend(p.cpu().numpy())
            true.extend(yb.cpu().numpy())

    preds = np.array(preds, dtype=float)
    true = np.array(true, dtype=int)

    # AUROC + 95% CI (bootstrap)
    auroc, au_lo, au_hi = auc_ci_bootstrap(true, preds, n_bootstraps=n_bootstraps, alpha=alpha, seed=seed)
    print(f"\nOverall AUROC: {auroc:.3f} (95% CI {au_lo:.3f}–{au_hi:.3f})")

    # Per-threshold metrics
    for thresh in thresholds:
        pred_labels = (preds >= thresh).astype(int)
        cm = confusion_matrix(true, pred_labels, labels=[0,1])
        recall = recall_score(true, pred_labels, zero_division=0)
        precision = precision_score(true, pred_labels, zero_division=0)
        acc = accuracy_score(true, pred_labels)

        print(f"\nThreshold={thresh:.2f}")
        print(pd.DataFrame(cm, columns=['Pred 0', 'Pred 1'], index=['True 0', 'True 1']))

        # Attach AUROC + CI to the 0.20 block as requested
        if abs(thresh - 0.20) < 1e-12:
            print(f"Recall: {recall:.2f} | Precision: {precision:.2f} | Accuracy: {acc:.2f} | "
                  f"AUROC: {auroc:.3f} (95% CI {au_lo:.3f}–{au_hi:.3f})")
        else:
            print(f"Recall: {recall:.2f} | Precision: {precision:.2f} | Accuracy: {acc:.2f} | AUROC: {auroc:.3f}")


print("\n========= male SUBJECTS, GRU, ALL FEATURES =========")
X, y, mask, base_feats, patient_ids = make_sequence_arrays(df, ID_COL, TARGET_COL)
X_seq = np.nan_to_num(X, nan=0.0)
train_idx, test_idx = train_test_split(np.arange(X_seq.shape[0]), test_size=0.2, random_state=42, stratify=y)
train_idx, val_idx = train_test_split(train_idx, test_size=0.2, random_state=42, stratify=y[train_idx])
X_train, X_val, X_test = X_seq[train_idx], X_seq[val_idx], X_seq[test_idx]
y_train, y_val, y_test = y[train_idx], y[val_idx], y[test_idx]
BATCH_SIZE = 64
train_loader = DataLoader(TensorDataset(torch.tensor(X_train, dtype=torch.float32), torch.tensor(y_train, dtype=torch.float32)), batch_size=BATCH_SIZE, shuffle=True)
val_loader = DataLoader(TensorDataset(torch.tensor(X_val, dtype=torch.float32), torch.tensor(y_val, dtype=torch.float32)), batch_size=BATCH_SIZE)
test_loader = DataLoader(TensorDataset(torch.tensor(X_test, dtype=torch.float32), torch.tensor(y_test, dtype=torch.float32)), batch_size=BATCH_SIZE)
gru_model = GRUClassifier(X_train.shape[2])
train_model(gru_model, train_loader)
print("\nValidation:")
evaluate_model(gru_model, val_loader)
print("\nTest:")
evaluate_model(gru_model, test_loader)

import numpy as np
from sklearn.metrics import roc_auc_score

def permutation_importance_GRU(model, X, y, baseline_preds=None, metric='auc'):
    if baseline_preds is None:
        with torch.no_grad():
            baseline_preds = model(torch.tensor(X, dtype=torch.float32)).numpy()
    baseline_auc = roc_auc_score(y, baseline_preds)
    n_phases = X.shape[1]
    n_features = X.shape[2]
    importances = np.zeros((n_phases, n_features))
    for p in range(n_phases):
        for f in range(n_features):
            X_perm = X.copy()
            # Shuffle this feature at this phase across all patients
            X_perm[:, p, f] = np.random.permutation(X_perm[:, p, f])
            with torch.no_grad():
                preds = model(torch.tensor(X_perm, dtype=torch.float32)).numpy()
            auc = roc_auc_score(y, preds)
            importances[p, f] = baseline_auc - auc  # Drop in auc = importance
    return importances

# Usage:
importances = permutation_importance_lstm(gru_model, X_val, y_val)
# importances[phase, feature] = importance


import matplotlib.pyplot as plt
import seaborn as sns

# Suppose 'importances' is from the permutation_importance_gru above
plt.figure(figsize=(12,8))
sns.heatmap(importances, 
            xticklabels=base_feats, 
            yticklabels=phase_suffixes, 
            cmap='viridis', annot=True, fmt=".3f")

y_labels = ['9 year before CVD', '6 year before CVD', '3 year before CVD', 'CVD']

plt.xlabel('Feature')
plt.ylabel('Phase')
plt.title('Permutation Importance (AUC drop) per Feature and Phase')
plt.tight_layout()
plt.show()

print("\n========= male SUBJECTS, LSTM, ALL FEATURES =========")
lstm_model = LSTMClassifier(X_train.shape[2])
train_model(lstm_model, train_loader)
print("\nValidation:")
evaluate_model(lstm_model, val_loader)
print("\nTest:")
evaluate_model(lstm_model, test_loader)

#women
women_mask = df['sex_3'] == 2
X, y, mask, base_feats, patient_ids = make_sequence_arrays(df[women_mask], ID_COL, TARGET_COL)
df[women_mask]

print("\n========= women SUBJECTS, GRU, ALL FEATURES =========")
X, y, mask, base_feats, patient_ids = make_sequence_arrays(df, ID_COL, TARGET_COL)
X_seq = np.nan_to_num(X, nan=0.0)
train_idx, test_idx = train_test_split(np.arange(X_seq.shape[0]), test_size=0.2, random_state=42, stratify=y)
train_idx, val_idx = train_test_split(train_idx, test_size=0.2, random_state=42, stratify=y[train_idx])
X_train, X_val, X_test = X_seq[train_idx], X_seq[val_idx], X_seq[test_idx]
y_train, y_val, y_test = y[train_idx], y[val_idx], y[test_idx]
BATCH_SIZE = 64
train_loader = DataLoader(TensorDataset(torch.tensor(X_train, dtype=torch.float32), torch.tensor(y_train, dtype=torch.float32)), batch_size=BATCH_SIZE, shuffle=True)
val_loader = DataLoader(TensorDataset(torch.tensor(X_val, dtype=torch.float32), torch.tensor(y_val, dtype=torch.float32)), batch_size=BATCH_SIZE)
test_loader = DataLoader(TensorDataset(torch.tensor(X_test, dtype=torch.float32), torch.tensor(y_test, dtype=torch.float32)), batch_size=BATCH_SIZE)
gru_model = GRUClassifier(X_train.shape[2])
train_model(gru_model, train_loader)
print("\nValidation:")
evaluate_model(gru_model, val_loader)
print("\nTest:")
evaluate_model(gru_model, test_loader)


import numpy as np
from sklearn.metrics import roc_auc_score

def permutation_importance_GRU(model, X, y, baseline_preds=None, metric='auc'):
    if baseline_preds is None:
        with torch.no_grad():
            baseline_preds = model(torch.tensor(X, dtype=torch.float32)).numpy()
    baseline_auc = roc_auc_score(y, baseline_preds)
    n_phases = X.shape[1]
    n_features = X.shape[2]
    importances = np.zeros((n_phases, n_features))
    for p in range(n_phases):
        for f in range(n_features):
            X_perm = X.copy()
            # Shuffle this feature at this phase across all patients
            X_perm[:, p, f] = np.random.permutation(X_perm[:, p, f])
            with torch.no_grad():
                preds = model(torch.tensor(X_perm, dtype=torch.float32)).numpy()
            auc = roc_auc_score(y, preds)
            importances[p, f] = baseline_auc - auc  # Drop in auc = importance
    return importances

# Usage:
importances = permutation_importance_lstm(gru_model, X_val, y_val)
# importances[phase, feature] = importance


print("\n========= women SUBJECTS, LSTM, ALL FEATURES =========")
lstm_model = LSTMClassifier(X_train.shape[2])
train_model(lstm_model, train_loader)
print("\nValidation:")
evaluate_model(lstm_model, val_loader)
print("\nTest:")
evaluate_model(lstm_model, test_loader)


import numpy as np
from sklearn.metrics import roc_auc_score

def permutation_importance_lstm(model, X, y, baseline_preds=None, metric='auc'):
    if baseline_preds is None:
        with torch.no_grad():
            baseline_preds = model(torch.tensor(X, dtype=torch.float32)).numpy()
    baseline_auc = roc_auc_score(y, baseline_preds)
    n_phases = X.shape[1]
    n_features = X.shape[2]
    importances = np.zeros((n_phases, n_features))
    for p in range(n_phases):
        for f in range(n_features):
            X_perm = X.copy()
            # Shuffle this feature at this phase across all patients
            X_perm[:, p, f] = np.random.permutation(X_perm[:, p, f])
            with torch.no_grad():
                preds = model(torch.tensor(X_perm, dtype=torch.float32)).numpy()
            auc = roc_auc_score(y, preds)
            importances[p, f] = baseline_auc - auc  # Drop in auc = importance
    return importances

# Usage:
importances = permutation_importance_lstm(gru_model, X_val, y_val)
# importances[phase, feature] = importance


import matplotlib.pyplot as plt
import seaborn as sns

# Suppose 'importances' is from the permutation_importance_lstm above
plt.figure(figsize=(12,8))
sns.heatmap(importances, 
            xticklabels=base_feats, 
            yticklabels=phase_suffixes, 
            cmap='viridis', annot=True, fmt=".3f")

y_labels = ['9 year before CVD', '6 year before CVD', '3 year before CVD', 'CVD']

plt.xlabel('Feature')
plt.ylabel('Phase')
plt.title('Permutation Importance (AUC drop) per Feature and Phase')
plt.tight_layout()
[bookmark: _GoBack]plt.show()
