code 1:
"""
Machine Learning-Based Decision Support for Delivery Mode Prediction
Dual-Stage (Antepartum / Intrapartum) Framework  —  VERSION 5

KEY CHANGES IN v5 (Reviewer 1, third round):
  1. REMOVED active_phase_hours (active labour duration) from the
     intrapartum feature set and from COEF_IP.
     Reason: active labour duration is not known until labour is
     substantially progressed / complete, and is itself a downstream
     marker of the process that leads to CS (reverse causality /
     leakage), not an independent antecedent predictor. Reviewer 1:
     "I would recommend removing length of labor from the IP features
     as it isn't known until birth."
     The variable is still GENERATED internally (it drives the
     correlated oxytocin-use probability and the Gaussian copula
     structure) but it is no longer given to the ML model and no
     longer contributes to the CS outcome-generating equation.
  2. INTERCEPT_AP / INTERCEPT_IP are now CALIBRATED AT RUNTIME via
     Monte Carlo simulation (n=500,000) instead of a hand-derived
     algebraic approximation. This removes the small systematic gap
     between the WHO-based target rate and the observed simulated
     rate that existed in v4 (e.g. IP target 29.0% vs v4 observed
     26.1%), and automatically stays correct if coefficients change
     (as they did here).
  3. All other v4 fixes retained unchanged (Gaussian copula, sample
     weighting instead of SMOTE, temporal separation, SHAP, TRIPOD+AI).

REPRODUCIBILITY:  RANDOM_SEED = 42
Run:  python cs_prediction_pipeline_v5.py
Outputs -> results_v5/

REQUIREMENTS:
  pip install scikit-learn matplotlib seaborn numpy pandas openpyxl scipy shap
"""

import os
import warnings
import json
import numpy as np
import pandas as pd
import matplotlib
matplotlib.use("Agg")
import matplotlib.pyplot as plt
import seaborn as sns
from scipy import stats
from scipy.optimize import brentq

from sklearn.ensemble import GradientBoostingClassifier
from sklearn.model_selection import StratifiedKFold, GridSearchCV, train_test_split
from sklearn.metrics import (
    roc_auc_score, average_precision_score, classification_report,
    confusion_matrix, roc_curve, brier_score_loss,
)
from sklearn.calibration import calibration_curve
from sklearn.inspection import permutation_importance
from sklearn.linear_model import LinearRegression

warnings.filterwarnings("ignore")

try:
    import shap
    SHAP_AVAILABLE = True
except ImportError:
    SHAP_AVAILABLE = False
    print("  [INFO] shap not installed - falling back to permutation importance.")
    print("         Install with:  pip install shap")

# =============================================================================
# 0.  GLOBAL SETTINGS
# =============================================================================
RANDOM_SEED = 42
N_PATIENTS  = 3000
N_CV_FOLDS  = 5
N_CALIBRATION = 500_000
OUTPUT_DIR  = os.path.join(os.path.dirname(os.path.abspath(__file__)), "results_v5")
os.makedirs(OUTPUT_DIR, exist_ok=True)

CS_RATE_ANTEPARTUM  = 0.21   # Betran 2021 global weighted mean
CS_RATE_INTRAPARTUM = 0.29   # intrapartum-enriched target

# =============================================================================
# 1.  HUMAN-READABLE FEATURE NAME MAPPING
# =============================================================================
FEATURE_DISPLAY_NAMES = {
    "maternal_age_years":    "Maternal Age (years)",
    "height_cm":             "Height (cm)",
    "bmi_kgm2":              "Body Mass Index (BMI, kg/m2)",
    "bmi_category":          "BMI Category",
    "ethnicity_code":        "Ethnicity",
    "parity":                "Parity (Multiparous)",
    "gravidity":             "Gravidity",
    "prev_caesarean":        "Previous Caesarean Section",
    "prev_vaginal_birth":    "Previous Vaginal Birth",
    "prev_vbac":             "Previous VBAC",
    "gestational_age_wk":    "Gestational Age (weeks)",
    "efwt_grams":            "Estimated Fetal Weight (g)",
    "art_conception":        "ART Conception",
    "hypertension_hdp":      "Hypertensive Disorder of Pregnancy",
    "gestational_diabetes":  "Gestational Diabetes",
    "pregnancy_illness":     "Pregnancy Complication/Illness",
    "iol_planned":           "Planned Induction of Labour",
    "fetal_sex":             "Fetal Sex (Male)",
    "cesd_elevated":         "Elevated Depression (CES-D >= 16)",
    "wdeq_score":            "Fear of Childbirth (W-DEQ Score)",
    "cbsei_score":           "Childbirth Self-Efficacy (CBSEI)",
    "state_anxiety_stai":    "State Anxiety (STAI Score)",
    "sds_depression":        "Depression Severity (SDS Score)",
    "prenatal_education":    "Prenatal Education Attendance",
    "doula_support":         "Doula / Continuous Support",
    "hyp_use_ap":            "Hypnobirthing / Relaxation Use",
    "perineal_massage_ap":   "Antenatal Perineal Massage",
    "bishop_score":          "Bishop Score",
    "cervical_length_mm":    "Cervical Length (mm)",
    "cervical_dilation_cm":  "Cervical Dilation (cm)",
    "station":               "Fetal Station",
    "fetal_head_position":   "Occiput-Posterior Fetal Position",
    "oxytocin_use":          "Oxytocin Augmentation",
    "oxytocin_max_dose":     "Max Oxytocin Dose (mU/min)",
    "amniotic_fluid":        "Amniotic Fluid Status",
    "robson_group":          "Robson Classification Group",
    # NOTE: active_phase_hours intentionally NOT listed here as a feature
    # display name anymore -- it is generated (see below) but is no longer
    # part of the model's feature set (Reviewer 1, leakage concern).
    "epidural_use":          "Epidural Analgesia",
    "vr_pain_management":    "VR / Non-pharmacological Pain Relief",
    "perineal_massage_ip":   "Intrapartum Perineal Massage",
    "waterbirth":            "Waterbirth",
}

def display_name(feature_code: str) -> str:
    return FEATURE_DISPLAY_NAMES.get(feature_code, feature_code)

# =============================================================================
# 2.  LABEL COEFFICIENTS  (log-odds; OR cited per variable)
# =============================================================================
COEF_AP = {
    "prev_caesarean":         +1.386,  # OR 4.0   Hunt 2025 (aOR 3.8)
    "iol_planned":            +0.693,  # OR 2.0   Wu 2019 (aOR 1.98)
    "bmi_kgm2":               +0.046,  # OR 1.05  per unit, Tun 2022
    "gestational_age_wk":    -0.182,  # OR 0.83  per week, Hunt 2025
    "cesd_elevated":          +0.336,  # OR 1.40  Tun 2022
    "wdeq_score":             +0.022,  # OR 1.02  per point, Zhu 2025
    "art_conception":         +0.693,  # OR 2.0   Liu 2026
    "hypertension_hdp":       +0.916,  # OR 2.5   Tun 2022
    "gestational_diabetes":   +0.588,  # OR 1.80  Tun 2022
    "prenatal_education":    -0.431,  # OR 0.65  Liu 2026
    "doula_support":         -0.511,  # OR 0.60  Chaudhary 2025
    "efwt_grams":            +0.0003, # OR 1.0003/g, Wu 2019
    "parity":                -0.405,  # OR 0.67  multiparous, Tun 2022
    "prev_vaginal_birth":    -0.511,  # OR 0.60  Tun 2022
    "hyp_use_ap":            -0.357,  # OR 0.70  Huang 2026
}

# active_phase_hours REMOVED (Reviewer 1 - v5): known only after labour is
# substantially advanced / complete; using it as a predictor of the CS
# outcome is a temporal-leakage / reverse-causality problem, not a
# legitimate antecedent risk factor.
COEF_IP = {
    "bishop_score":           -0.154,  # OR 0.86  per point, Sinha 2024
    "cervical_length_mm":     +0.039,  # OR 1.04  per mm, Sinha 2024
    "cervical_dilation_cm":   -0.223,  # OR 0.80  per cm, Hunt 2025
    "fetal_head_position":    +0.916,  # OR 2.50  OP vs OA, Verhoeven 2012
    "oxytocin_use":           +0.642,  # OR 1.90  Nicoli 2026
    "epidural_use":           +0.405,  # OR 1.50  Tun 2022 (confounded)
}

# =============================================================================
# 3.  DATA GENERATION (Gaussian copula) — shared by main generator and by
#     the Monte Carlo intercept calibrator, so the two stay in sync.
# =============================================================================

def _to_uniform(z: np.ndarray) -> np.ndarray:
    return stats.norm.cdf(z)


def _generate_covariates(n: int, seed: int) -> pd.DataFrame:
    """
    Generate the covariate columns only (no outcome, no temporal split).
    Used both by generate_synthetic_dataset() and by calibrate_intercepts().
    active_phase_hours is generated here (needed for the oxytocin-use
    correlation structure) but is NOT a model feature and NOT a term in
    COEF_IP (see note above).
    """
    r = np.random.default_rng(seed)

    rho_ip = np.array([
        [ 1.00, -0.65,  0.72,  0.05,  0.10],
        [-0.65,  1.00, -0.60,  0.12,  0.05],
        [ 0.72, -0.60,  1.00,  0.08,  0.12],
        [ 0.05,  0.12,  0.08,  1.00,  0.42],
        [ 0.10,  0.05,  0.12,  0.42,  1.00],
    ])
    L_ip = np.linalg.cholesky(rho_ip)
    u_ip = _to_uniform(r.standard_normal((n, 5)) @ L_ip.T)

    bishop_all   = stats.norm.ppf(u_ip[:,0], loc=4.2,  scale=2.2).clip(0, 13)
    cerv_len_all = stats.norm.ppf(u_ip[:,1], loc=27.0, scale=7.0).clip(0, 60)
    cerv_dil_all = stats.norm.ppf(u_ip[:,2], loc=2.5,  scale=1.5).clip(0, 10)
    active_h_all = stats.expon.ppf(u_ip[:,3], scale=4.0).clip(0.5, 24)
    oxy_dose_all = stats.expon.ppf(u_ip[:,4], scale=8.0).clip(0, 40)

    rho_ap = np.array([
        [1.00, 0.25, 0.20, 0.30],
        [0.25, 1.00, 0.58, 0.52],
        [0.20, 0.58, 1.00, 0.48],
        [0.30, 0.52, 0.48, 1.00],
    ])
    L_ap = np.linalg.cholesky(rho_ap)
    u_ap = _to_uniform(r.standard_normal((n, 4)) @ L_ap.T)

    bmi_all  = stats.norm.ppf(u_ap[:,0], loc=25.5, scale=5.9).clip(15, 55)
    anx_all  = stats.norm.ppf(u_ap[:,1], loc=55.0, scale=6.0).clip(20, 80)
    wdeq_all = stats.norm.ppf(u_ap[:,2], loc=54.0, scale=8.0).clip(0, 165)
    sds_all  = stats.norm.ppf(u_ap[:,3], loc=52.0, scale=8.0).clip(25, 80)

    df = pd.DataFrame()
    df["patient_id"]           = np.arange(1, n + 1)

    df["maternal_age_years"]   = r.normal(31.99, 4.62, n).clip(17, 50)
    df["height_cm"]            = r.normal(165.0, 6.8,  n).clip(140, 195)
    df["bmi_kgm2"]             = bmi_all
    df["wdeq_score"]           = wdeq_all
    df["cbsei_score"]          = r.normal(6.5,  1.8, n).clip(1, 10)
    df["state_anxiety_stai"]   = anx_all
    df["gestational_age_wk"]   = r.normal(39.2, 1.2, n).clip(37, 42)
    df["efwt_grams"]           = r.normal(3350, 450, n).clip(2000, 5500)
    df["sds_depression"]       = sds_all

    df["parity"]               = r.binomial(1, 0.50, n)
    df["prev_caesarean"]       = r.binomial(1, 0.25, n)
    df["prev_vaginal_birth"]   = r.binomial(1, 0.45, n)
    df["prev_vbac"]            = r.binomial(1, 0.10, n)
    df["art_conception"]       = r.binomial(1, 0.08, n)
    df["cesd_elevated"]        = r.binomial(1, 0.30, n)
    df["prenatal_education"]   = r.binomial(1, 0.45, n)
    df["doula_support"]        = r.binomial(1, 0.15, n)
    df["hypertension_hdp"]     = r.binomial(1, 0.05, n)
    df["gestational_diabetes"] = r.binomial(1, 0.07, n)
    df["iol_planned"]          = r.binomial(1, 0.25, n)
    df["fetal_sex"]            = r.binomial(1, 0.51, n)
    df["pregnancy_illness"]    = r.binomial(1, 0.12, n)
    df["hyp_use_ap"]           = r.binomial(1, 0.08, n)
    df["perineal_massage_ap"]  = r.binomial(1, 0.25, n)

    df["bmi_category"]         = r.choice(6, n, p=[0.04,0.45,0.28,0.13,0.07,0.03])
    df["ethnicity_code"]       = r.choice(5, n, p=[0.60,0.12,0.15,0.08,0.05])
    df["gravidity"]            = r.choice([1,2,3,4], n, p=[0.35,0.35,0.20,0.10])

    df["bishop_score"]         = bishop_all
    df["cervical_length_mm"]   = cerv_len_all
    df["cervical_dilation_cm"] = cerv_dil_all
    df["active_phase_hours"]   = active_h_all   # generated, NOT a model feature
    df["oxytocin_max_dose"]    = oxy_dose_all

    oxy_prob = (1 / (1 + np.exp(-(active_h_all - 4.0) * 0.25))).clip(0.15, 0.75)
    df["oxytocin_use"]         = (r.random(n) < oxy_prob).astype(int)
    epi_prob = (1 / (1 + np.exp(-(wdeq_all - 54.0) * 0.04 - 0.3))).clip(0.30, 0.85)
    df["epidural_use"]         = (r.random(n) < epi_prob).astype(int)
    df["fetal_head_position"]  = r.binomial(1, 0.18, n)
    df["vr_pain_management"]   = r.binomial(1, 0.10, n)
    df["perineal_massage_ip"]  = r.binomial(1, 0.30, n)
    df["waterbirth"]           = r.binomial(1, 0.05, n)

    station_p = np.column_stack([
        np.where(cerv_dil_all < 3, 0.15, 0.05),
        np.where(cerv_dil_all < 3, 0.25, 0.15),
        np.full(n, 0.30),
        np.where(cerv_dil_all >= 3, 0.30, 0.20),
        np.where(cerv_dil_all >= 5, 0.12, 0.07),
        np.full(n, 0.03),
        np.full(n, 0.01),
    ])
    station_p /= station_p.sum(axis=1, keepdims=True)
    df["station"]              = np.array([r.choice(7, p=station_p[i])
                                           for i in range(n)])
    df["amniotic_fluid"]       = r.choice(3, n, p=[0.80, 0.12, 0.08])
    df["robson_group"]         = r.choice([1,2,3,4,5,6], n,
                                          p=[0.22,0.12,0.28,0.10,0.18,0.10])
    return df


def calibrate_intercepts(n_cal: int = N_CALIBRATION,
                         seed: int = RANDOM_SEED + 777):
    """
    Calibrate INTERCEPT_AP and INTERCEPT_IP at runtime (Monte Carlo +
    brentq) so that E[P(CS)] matches the WHO-based target rate exactly,
    given the CURRENT coefficient sets (i.e. with active_phase_hours
    already removed from COEF_IP). This replaces the v4 algebraic
    approximation and removes the small target-vs-observed gap that
    existed in v4 (IP: target 29.0% vs observed 26.1%).
    """
    print(f"\n  Calibrating INTERCEPT_AP / INTERCEPT_IP "
          f"(Monte Carlo brentq, n={n_cal:,})...")
    df_cal = _generate_covariates(n_cal, seed)

    cov_sum_ap = np.zeros(n_cal)
    for var, coef in COEF_AP.items():
        cov_sum_ap += coef * df_cal[var].values
    noise_ap = np.random.default_rng(seed + 1).normal(0, 0.40, n_cal)

    def residual_ap(b0):
        return (1/(1+np.exp(-(b0 + cov_sum_ap + noise_ap)))).mean() - CS_RATE_ANTEPARTUM

    intercept_ap = brentq(residual_ap, -15, 15, xtol=1e-5)

    cov_sum_ip = cov_sum_ap.copy()
    for var, coef in COEF_IP.items():
        cov_sum_ip += coef * df_cal[var].values
    noise_ip = np.random.default_rng(seed + 2).normal(0, 0.40, n_cal)

    def residual_ip(b0):
        return (1/(1+np.exp(-(b0 + cov_sum_ip + noise_ip)))).mean() - CS_RATE_INTRAPARTUM

    intercept_ip = brentq(residual_ip, -15, 15, xtol=1e-5)

    verified_ap = (1/(1+np.exp(-(intercept_ap+cov_sum_ap+noise_ap)))).mean()
    verified_ip = (1/(1+np.exp(-(intercept_ip+cov_sum_ip+noise_ip)))).mean()
    print(f"  INTERCEPT_AP = {intercept_ap:.4f}  |  "
          f"Verified E[P(CS)] = {verified_ap:.4f}  (target {CS_RATE_ANTEPARTUM:.2f})")
    print(f"  INTERCEPT_IP = {intercept_ip:.4f}  |  "
          f"Verified E[P(CS)] = {verified_ip:.4f}  (target {CS_RATE_INTRAPARTUM:.2f})")
    return intercept_ap, intercept_ip


def generate_synthetic_dataset(n: int, seed: int,
                               intercept_ap: float,
                               intercept_ip: float) -> pd.DataFrame:
    """
    Generate n synthetic patients using the pre-calibrated intercepts.

    TEMPORAL LOGIC:
      antepartum  (40%): only pre-labour features available.
                         Outcome: INTERCEPT_AP + COEF_AP.
      intrapartum (60%): all features available EXCEPT active_phase_hours,
                         which is excluded from the model / outcome
                         equation for leakage reasons (Reviewer 1, v5).
                         Outcome: INTERCEPT_IP + COEF_AP + COEF_IP.

    CIRCULAR INFERENCE NOTE (Reviewer 2):
      The model recovers COEF_AP/COEF_IP by construction.
      All results are properties of the simulation, not real-patient findings.
    """
    r = np.random.default_rng(seed)
    df = _generate_covariates(n, seed)

    ap_mask = r.random(n) < 0.40
    ip_mask = ~ap_mask
    df["time_window"] = np.where(ap_mask, "antepartum", "intrapartum")

    ip_cols = [
        "bishop_score","cervical_length_mm","cervical_dilation_cm",
        "station","fetal_head_position","oxytocin_use","oxytocin_max_dose",
        "amniotic_fluid","epidural_use","active_phase_hours","robson_group",
        "vr_pain_management","perineal_massage_ip","waterbirth",
    ]
    for col in ip_cols:
        df.loc[ap_mask, col] = np.nan

    log_odds = np.zeros(n)

    ap_idx = np.where(ap_mask)[0]
    log_odds[ap_idx] = intercept_ap
    for var, coef in COEF_AP.items():
        log_odds[ap_idx] += coef * df.iloc[ap_idx][var].values

    ip_idx = np.where(ip_mask)[0]
    log_odds[ip_idx] = intercept_ip
    for var, coef in COEF_AP.items():
        log_odds[ip_idx] += coef * df.iloc[ip_idx][var].values
    for var, coef in COEF_IP.items():
        log_odds[ip_idx] += coef * df.iloc[ip_idx][var].values
    # NOTE: active_phase_hours deliberately does NOT appear above -
    # it plays no role in outcome generation (Reviewer 1, v5 fix).

    log_odds += r.normal(0, 0.40, n)
    prob_cs = 1 / (1 + np.exp(-log_odds))
    df["delivery_mode_binary"] = (r.random(n) < prob_cs).astype(int)

    df["perineal_trauma"] = r.binomial(1, 0.40, n)
    df["apgar5_less7"]    = r.binomial(1, 0.02, n)
    df["nicu_admission"]  = r.binomial(1, 0.03, n)
    df["epds_ppd"]        = r.normal(4.7, 1.4, n).clip(0, 30)
    df["ui_postpartum"]   = r.binomial(1, 0.25, n)
    df["pph_ml"]          = r.normal(299, 133, n).clip(100, 2000)

    return df


# =============================================================================
# 4.  FEATURE LISTS
# =============================================================================
ANTEPARTUM_FEATURES = [
    "maternal_age_years", "height_cm", "bmi_kgm2", "bmi_category",
    "parity", "gravidity", "prev_caesarean", "prev_vaginal_birth", "prev_vbac",
    "gestational_age_wk", "efwt_grams", "art_conception",
    "hypertension_hdp", "gestational_diabetes", "pregnancy_illness",
    "iol_planned", "fetal_sex", "ethnicity_code",
    "cesd_elevated", "wdeq_score", "cbsei_score",
    "state_anxiety_stai", "sds_depression",
    "prenatal_education", "doula_support",
    "hyp_use_ap", "perineal_massage_ap",
]  # 27 features (unchanged)

INTRAPARTUM_FEATURES = ANTEPARTUM_FEATURES + [
    "bishop_score", "cervical_length_mm", "cervical_dilation_cm",
    "station", "fetal_head_position",
    "oxytocin_use", "oxytocin_max_dose",
    "amniotic_fluid", "robson_group",
    # "active_phase_hours" REMOVED in v5 (Reviewer 1: leakage / not known
    # until birth). Feature count: 27 + 13 = 40 (was 27 + 14 = 41 in v4).
    "epidural_use", "vr_pain_management",
    "perineal_massage_ip", "waterbirth",
]  # 27 + 13 = 40 features

TARGET = "delivery_mode_binary"
INTRAPARTUM_ONLY_SET = set(INTRAPARTUM_FEATURES) - set(ANTEPARTUM_FEATURES)
COLORS = {"Antepartum": "#2166ac", "Intrapartum": "#d6604d"}

PSYCHOSOCIAL_FEATURES = [
    "wdeq_score", "state_anxiety_stai", "sds_depression",
    "cbsei_score", "cesd_elevated",
]


# =============================================================================
# 5.  MODEL TRAINING
# =============================================================================

def build_and_tune_model(X_train, y_train, model_name: str):
    print(f"\n[{model_name}] Hyperparameter tuning ({N_CV_FOLDS}-fold CV)...")
    pos_w = (y_train == 0).sum() / max((y_train == 1).sum(), 1)
    sw    = np.where(y_train == 1, pos_w, 1.0)
    pg    = {
        "n_estimators":     [200, 400],
        "max_depth":        [3, 5],
        "learning_rate":    [0.05, 0.10],
        "subsample":        [0.8],
        "min_samples_leaf": [20],
    }
    cv = StratifiedKFold(n_splits=N_CV_FOLDS, shuffle=True,
                         random_state=RANDOM_SEED)
    gs = GridSearchCV(
        GradientBoostingClassifier(random_state=RANDOM_SEED),
        pg, scoring="roc_auc", cv=cv, n_jobs=-1, refit=True, verbose=0,
    )
    gs.fit(X_train, y_train, sample_weight=sw)
    print(f"  Best params : {gs.best_params_}")
    print(f"  CV AUC-ROC  : {gs.best_score_:.4f}")
    return gs.best_estimator_


# =============================================================================
# 6.  EVALUATION
# =============================================================================

def youden_threshold(fpr, tpr, thr_arr):
    return float(thr_arr[np.argmax(tpr - fpr)])


def evaluate_model(model, X_test, y_test, label, results_store=None):
    prob = model.predict_proba(X_test)[:, 1]
    fpr, tpr, thr_arr = roc_curve(y_test, prob)
    auc_roc = roc_auc_score(y_test, prob)
    auc_pr  = average_precision_score(y_test, prob)
    brier   = brier_score_loss(y_test, prob)
    thr     = youden_threshold(fpr, tpr, thr_arr)

    pred = (prob >= thr).astype(int)
    tn, fp, fn, tp = confusion_matrix(y_test, pred, labels=[0,1]).ravel()
    sens = tp / (tp + fn) if (tp + fn) > 0 else 0
    spec = tn / (tn + fp) if (tn + fp) > 0 else 0
    ppv  = tp / (tp + fp) if (tp + fp) > 0 else 0
    npv  = tn / (tn + fn) if (tn + fn) > 0 else 0
    uncs = fp / (tp + fp) if (tp + fp) > 0 else 0

    print(f"\n{'='*64}")
    print(f"  {label}")
    print(f"  [PROOF-OF-CONCEPT - SYNTHETIC DATA - NOT CLINICAL VALIDATION]")
    print(f"{'='*64}")
    print(f"  n (test)               : {len(y_test)}")
    print(f"  Observed CS rate       : {y_test.mean():.3f}")
    print(f"  AUC-ROC                : {auc_roc:.4f}")
    print(f"  AUC-PR                 : {auc_pr:.4f}")
    print(f"  Brier score            : {brier:.4f}")
    print(f"  Threshold (Youden J)   : {thr:.3f}")
    print(f"  Sensitivity            : {sens:.3f}")
    print(f"  Specificity            : {spec:.3f}")
    print(f"  PPV                    : {ppv:.3f}")
    print(f"  NPV                    : {npv:.3f}")
    print(f"  Unnecessary CS rate    : {uncs:.3f}  "
          f"({fp} FP out of {tp+fp} predicted CS)")
    print(classification_report(y_test, pred,
          target_names=["Vaginal Birth", "Caesarean Section"]))

    if results_store is not None:
        results_store[label] = dict(
            n_test=int(len(y_test)),
            CS_rate_observed=round(float(y_test.mean()), 3),
            AUC_ROC=round(auc_roc, 4), AUC_PR=round(auc_pr, 4),
            Brier=round(brier, 4),
            Threshold_Youden=round(thr, 4),
            Sensitivity=round(sens, 3), Specificity=round(spec, 3),
            PPV=round(ppv, 3), NPV=round(npv, 3),
            Unnecessary_CS_rate=round(uncs, 3),
            TP=int(tp), FP=int(fp), FN=int(fn), TN=int(tn),
        )
    return thr, prob, fpr, tpr


# =============================================================================
# 7.  SHAP VALUES
# =============================================================================

def compute_shap(model, X_train, X_test, y_test, label: str, out_dir: str):
    if not SHAP_AVAILABLE:
        print(f"  [{label}] SHAP not available - using permutation importance.")
        # BUGFIX (v5.1): the real test-set labels must be used here.
        # An earlier version passed a dummy all-zero series, which made
        # roc_auc_score degenerate (single-class target) and caused every
        # feature's permutation importance to come out as ~0, producing a
        # blank figure with no visible bars.
        return compute_perm_importance(model, X_test, y_test, label)

    print(f"\n[{label}] Computing SHAP values (TreeExplainer)...")
    explainer   = shap.TreeExplainer(model)
    shap_values = explainer.shap_values(X_test)

    display_cols = [display_name(c) for c in X_test.columns]
    X_display    = X_test.copy()
    X_display.columns = display_cols

    n_feats = len(display_cols)
    fig, ax = plt.subplots(figsize=(13, max(8, n_feats * 0.45)))
    shap.summary_plot(
        shap_values, X_display,
        show=False, plot_type="dot",
        max_display=n_feats,
        color_bar_label="Feature Value",
    )
    plt.title(
        f"SHAP Beeswarm - {label} Model\n"
        f"(Proof-of-concept on synthetic data - not clinical validation)",
        fontsize=10,
    )
    plt.tick_params(axis="y", labelsize=8)
    plt.tight_layout()
    fp = os.path.join(out_dir, f"shap_summary_beeswarm_{label}.png")
    plt.savefig(fp, dpi=600, bbox_inches="tight")
    plt.close()
    print(f"  Saved: {fp}")

    mean_abs = np.abs(shap_values).mean(axis=0)
    imp_df   = pd.DataFrame({
        "feature_code":    list(X_test.columns),
        "feature_display": display_cols,
        "mean_abs_shap":   mean_abs,
    }).sort_values("mean_abs_shap", ascending=False).reset_index(drop=True)
    imp_df["rank"] = imp_df.index + 1

    imp_sorted = imp_df.sort_values("mean_abs_shap")
    colors = [
        COLORS["Intrapartum"] if f in INTRAPARTUM_ONLY_SET
        else COLORS["Antepartum"]
        for f in imp_sorted["feature_code"]
    ]

    fig, ax = plt.subplots(figsize=(13, max(8, len(imp_df) * 0.45)))
    ax.barh(
        imp_sorted["feature_display"],
        imp_sorted["mean_abs_shap"],
        color=colors, edgecolor="white", linewidth=0.3,
    )
    ax.axvline(0, color="black", lw=0.8)
    ax.set_xlabel("Mean |SHAP Value|  (impact on model output)", fontsize=11)
    ax.set_title(
        f"SHAP Feature Importance - {label} Model\n"
        f"(Proof-of-concept on synthetic data - not clinical validation)",
        fontsize=10,
    )
    ax.tick_params(axis="y", labelsize=8)
    from matplotlib.patches import Patch
    ax.legend(handles=[
        Patch(color=COLORS["Antepartum"],
              label="Pre-labour / antepartum feature"),
        Patch(color=COLORS["Intrapartum"],
              label="Intrapartum feature (Stage 2 only)"),
    ], fontsize=9, loc="lower right")
    ax.grid(axis="x", alpha=0.3)
    plt.tight_layout()
    fp = os.path.join(out_dir, f"shap_summary_bar_{label}.png")
    plt.savefig(fp, dpi=600, bbox_inches="tight")
    plt.close()
    print(f"  Saved: {fp}")

    prob_test   = model.predict_proba(X_test)[:, 1]
    high_risk_i = int(np.argmax(prob_test))

    try:
        exp_obj = shap.Explanation(
            values         = shap_values[high_risk_i],
            base_values    = explainer.expected_value,
            data           = X_test.iloc[high_risk_i].values,
            feature_names  = display_cols,
        )
        n_all = len(display_cols)
        fig, ax = plt.subplots(figsize=(12, max(8, n_all * 0.45)))
        shap.plots.waterfall(exp_obj, show=False, max_display=n_all)
        plt.title(
            f"SHAP Waterfall - Highest-Risk Patient (pred={prob_test[high_risk_i]:.2f})\n"
            f"{label} Model  |  (Proof-of-concept on synthetic data)",
            fontsize=9,
        )
        plt.tight_layout()
        fp = os.path.join(out_dir, f"shap_waterfall_{label}.png")
        plt.savefig(fp, dpi=600, bbox_inches="tight")
        plt.close()
        print(f"  Saved: {fp}")
    except Exception as e:
        print(f"  [WARN] Waterfall plot failed: {e}")

    psych_present = [f for f in PSYCHOSOCIAL_FEATURES if f in X_test.columns]
    if psych_present:
        n_psych = len(psych_present)
        fig, axes = plt.subplots(
            1, n_psych, figsize=(5 * n_psych, 5), squeeze=False)
        for ax_i, feat in enumerate(psych_present):
            feat_idx = list(X_test.columns).index(feat)
            shap.dependence_plot(
                feat_idx, shap_values, X_display,
                feature_names=display_cols,
                ax=axes[0][ax_i], show=False,
            )
            axes[0][ax_i].set_title(display_name(feat), fontsize=9)
        fig.suptitle(
            f"SHAP Dependence - Psychosocial Features  |  {label} Model\n"
            f"(Proof-of-concept on synthetic data - not clinical validation)",
            fontsize=9,
        )
        plt.tight_layout()
        fp = os.path.join(out_dir,
                          f"shap_dependence_psychosocial_{label}.png")
        plt.savefig(fp, dpi=600, bbox_inches="tight")
        plt.close()
        print(f"  Saved: {fp}")

    shap_df = pd.DataFrame(shap_values, columns=display_cols)
    shap_df.to_csv(
        os.path.join(out_dir, f"shap_values_{label}.csv"), index=False)

    return imp_df


def compute_perm_importance(model, X_test, y_test, label: str) -> pd.DataFrame:
    print(f"\n[{label}] Permutation importance - {X_test.shape[1]} features...")
    perm = permutation_importance(
        model, X_test, y_test,
        n_repeats=20, random_state=RANDOM_SEED,
        scoring="roc_auc", n_jobs=-1,
    )
    df_imp = pd.DataFrame({
        "feature_code":    list(X_test.columns),
        "feature_display": [display_name(c) for c in X_test.columns],
        "mean_abs_shap":   perm.importances_mean,
        "importance_std":  perm.importances_std,
    }).sort_values("mean_abs_shap", ascending=False).reset_index(drop=True)
    df_imp["rank"] = df_imp.index + 1
    return df_imp


# =============================================================================
# 8.  VIF
# =============================================================================

def compute_vif(X: pd.DataFrame) -> pd.DataFrame:
    cols = X.columns.tolist()
    arr  = X.values.astype(float)
    recs = []
    for i, col in enumerate(cols):
        y_col  = arr[:, i]
        X_rest = np.delete(arr, i, axis=1)
        r2     = LinearRegression().fit(X_rest, y_col).score(X_rest, y_col)
        vif    = 1 / (1 - r2) if r2 < 1.0 else np.inf
        recs.append({
            "feature_code":    col,
            "feature_display": display_name(col),
            "VIF":             round(vif, 2),
            "flag":            ("HIGH (>10)" if vif > 10
                                else "MODERATE (5-10)" if vif > 5
                                else "OK (<5)"),
        })
    return pd.DataFrame(recs).sort_values("VIF", ascending=False)


# =============================================================================
# 9.  FIGURES
# =============================================================================

def _note():
    return "Proof-of-concept on synthetic data - not clinical validation"


def plot_cs_rate_validation(df, out_dir):
    rates   = df.groupby("time_window")[TARGET].mean()
    targets = {"antepartum": CS_RATE_ANTEPARTUM,
               "intrapartum": CS_RATE_INTRAPARTUM}
    windows = ["antepartum", "intrapartum"]
    obs = [rates[w] for w in windows]
    tgt = [targets[w] for w in windows]
    x, w = np.arange(2), 0.35
    fig, ax = plt.subplots(figsize=(7, 4))
    b1 = ax.bar(x - w/2, obs, w,
                color=[COLORS["Antepartum"], COLORS["Intrapartum"]],
                alpha=0.85, label="Observed CS rate")
    b2 = ax.bar(x + w/2, tgt, w, color="grey", alpha=0.55,
                label="Target CS rate")
    ax.bar_label(b1, fmt="%.3f", padding=3, fontsize=10)
    ax.bar_label(b2, fmt="%.3f", padding=3, fontsize=10)
    ax.set_xticks(x)
    ax.set_xticklabels([
        "Antepartum\n(pre-labour counselling)\nTarget: 21% [Betran 2021 WHO]",
        "Intrapartum\n(labour monitoring)\nTarget: 29% [global enriched]",
    ], fontsize=9)
    ax.set_ylabel("CS Rate", fontsize=11)
    ax.set_ylim(0, 0.50)
    ax.set_title(
        "CS Rate Validation vs WHO-Based Targets (runtime-calibrated, v5)\n"
        "WHO global weighted mean = 21.1%  (Betran et al. 2021, BMJ Global Health)\n"
        f"{_note()}",
        fontsize=9)
    ax.legend(fontsize=10)
    ax.grid(axis="y", alpha=0.3)
    plt.tight_layout()
    fp = os.path.join(out_dir, "fig0_cs_rate_validation.png")
    fig.savefig(fp, dpi=600)
    plt.close(fig)
    print(f"  Saved: {fp}")


def plot_roc_both(roc_ap, roc_ip, out_dir):
    fig, ax = plt.subplots(figsize=(7, 6))
    for name, (fpr, tpr, auc) in {"Antepartum": roc_ap,
                                   "Intrapartum": roc_ip}.items():
        ax.plot(fpr, tpr, lw=2, color=COLORS[name],
                label=f"{name} model  (AUC = {auc:.3f})")
    ax.plot([0,1],[0,1], "k--", lw=1, label="Random (AUC = 0.50)")
    ax.set_xlabel("False Positive Rate  (1 - Specificity)", fontsize=12)
    ax.set_ylabel("True Positive Rate  (Sensitivity)", fontsize=12)
    ax.set_title(
        f"ROC Curves - Stage 1 (Antepartum) vs Stage 2 (Intrapartum)\n{_note()}",
        fontsize=10)
    ax.legend(fontsize=10)
    ax.grid(alpha=0.3)
    plt.tight_layout()
    fp = os.path.join(out_dir, "fig1_roc_curves.png")
    fig.savefig(fp, dpi=600)
    plt.close(fig)
    print(f"  Saved: {fp}")


def plot_calibration_both(probs, labels_dict, out_dir):
    fig, ax = plt.subplots(figsize=(7, 6))
    ax.plot([0,1],[0,1], "k--", lw=1, label="Perfect calibration")
    for key, prob in probs.items():
        y = labels_dict[key]
        frac, mean = calibration_curve(y, prob, n_bins=10, strategy="quantile")
        b = brier_score_loss(y, prob)
        ax.plot(mean, frac, "s-", lw=2, color=COLORS[key],
                label=f"{key}  (Brier = {b:.3f})", markersize=6)
    ax.set_xlabel("Mean Predicted Probability", fontsize=12)
    ax.set_ylabel("Fraction of Positives  (Observed CS Rate)", fontsize=12)
    ax.set_title(f"Calibration (Reliability) Diagrams\n{_note()}", fontsize=10)
    ax.legend(fontsize=10)
    ax.grid(alpha=0.3)
    plt.tight_layout()
    fp = os.path.join(out_dir, "fig2_calibration.png")
    fig.savefig(fp, dpi=600)
    plt.close(fig)
    print(f"  Saved: {fp}")


def plot_importance_bar(imp_df: pd.DataFrame, title: str,
                        fname: str, out_dir: str):
    df = imp_df.copy().sort_values("mean_abs_shap")
    colors = [
        COLORS["Intrapartum"] if f in INTRAPARTUM_ONLY_SET
        else COLORS["Antepartum"]
        for f in df["feature_code"]
    ]
    n_feat = len(df)
    fig, ax = plt.subplots(figsize=(13, max(8, n_feat * 0.45)))
    ax.barh(
        df["feature_display"],
        df["mean_abs_shap"],
        xerr=df.get("importance_std", None),
        color=colors, capsize=2, edgecolor="white", linewidth=0.3,
    )
    ax.axvline(0, color="black", lw=0.8)
    xlabel = ("Mean |SHAP Value|" if SHAP_AVAILABLE
              else "Permutation Importance  (delta AUC-ROC)")
    ax.set_xlabel(xlabel, fontsize=11)
    ax.set_title(f"{title}\n{_note()}", fontsize=10)
    ax.tick_params(axis="y", labelsize=8)
    from matplotlib.patches import Patch
    ax.legend(handles=[
        Patch(color=COLORS["Antepartum"],
              label="Pre-labour / antepartum feature"),
        Patch(color=COLORS["Intrapartum"],
              label="Intrapartum feature (Stage 2 only - labour data)"),
    ], fontsize=9, loc="lower right")
    ax.grid(axis="x", alpha=0.3)
    plt.tight_layout()
    fp = os.path.join(out_dir, fname)
    fig.savefig(fp, dpi=600, bbox_inches="tight")
    plt.close(fig)
    print(f"  Saved: {fp}")


def plot_confusion_matrix(tn, fp, fn, tp, title, fname, out_dir):
    fig, ax = plt.subplots(figsize=(5, 4))
    sns.heatmap(
        np.array([[tn, fp],[fn, tp]]),
        annot=True, fmt="d", cmap="Blues",
        xticklabels=["Predicted Vaginal Birth","Predicted Caesarean"],
        yticklabels=["Actual Vaginal Birth","Actual Caesarean"],
        ax=ax, linewidths=0.5,
    )
    ax.set_title(f"{title}\n{_note()}", fontsize=9)
    plt.tight_layout()
    fp_path = os.path.join(out_dir, fname)
    fig.savefig(fp_path, dpi=600)
    plt.close(fig)
    print(f"  Saved: {fp_path}")


def plot_threshold_sensitivity(prob, y_test, label, fname, out_dir):
    thresholds = np.linspace(0.10, 0.90, 200)
    sens_l, spec_l, uncs_l = [], [], []
    for t in thresholds:
        pred = (prob >= t).astype(int)
        tn_, fp_, fn_, tp_ = confusion_matrix(
            y_test, pred, labels=[0,1]).ravel()
        sens_l.append(tp_ / (tp_ + fn_) if (tp_ + fn_) > 0 else 0)
        spec_l.append(tn_ / (tn_ + fp_) if (tn_ + fp_) > 0 else 0)
        uncs_l.append(fp_ / (tp_ + fp_) if (tp_ + fp_) > 0 else 0)
    fpr_, tpr_, thr_ = roc_curve(y_test, prob)
    yt = youden_threshold(fpr_, tpr_, thr_)

    fig, ax = plt.subplots(figsize=(9, 5))
    ax.plot(thresholds, sens_l, color=COLORS["Intrapartum"], lw=2,
            label="Sensitivity  (True Positive Rate)")
    ax.plot(thresholds, spec_l, color=COLORS["Antepartum"],  lw=2,
            label="Specificity  (True Negative Rate)")
    ax.plot(thresholds, uncs_l, color="#4dac26", lw=2, ls="--",
            label="Unnecessary CS Rate  (1 - PPV)")
    ax.axvline(yt, color="black", ls=":", lw=1.5,
               label=f"Youden J threshold = {yt:.3f}")
    ax.set_xlabel("Decision Threshold", fontsize=12)
    ax.set_ylabel("Rate", fontsize=12)
    ax.set_title(
        f"Threshold Sensitivity Analysis - {label} Model\n{_note()}",
        fontsize=10)
    ax.legend(fontsize=10)
    ax.grid(alpha=0.3)
    plt.tight_layout()
    fp = os.path.join(out_dir, fname)
    fig.savefig(fp, dpi=600)
    plt.close(fig)
    print(f"  Saved: {fp}")


def plot_temporal_comparison(results_store, out_dir):
    metrics  = ["AUC_ROC","AUC_PR","Sensitivity","Specificity","PPV","NPV"]
    ap_vals  = [results_store["Antepartum"][m] for m in metrics]
    ip_vals  = [results_store["Intrapartum"][m] for m in metrics]
    x, w     = np.arange(len(metrics)), 0.35
    delta    = results_store.get("DELTA_AUC_intra_minus_ante", 0)

    fig, ax = plt.subplots(figsize=(12, 5))
    b1 = ax.bar(x - w/2, ap_vals, w,
                label=f"Stage 1 - Antepartum  (AUC={results_store['Antepartum']['AUC_ROC']:.3f})",
                color=COLORS["Antepartum"], alpha=0.85)
    b2 = ax.bar(x + w/2, ip_vals, w,
                label=f"Stage 2 - Intrapartum  (AUC={results_store['Intrapartum']['AUC_ROC']:.3f})",
                color=COLORS["Intrapartum"], alpha=0.85)
    ax.bar_label(b1, fmt="%.3f", fontsize=8, padding=2)
    ax.bar_label(b2, fmt="%.3f", fontsize=8, padding=2)
    ax.set_xticks(x)
    ax.set_xticklabels(metrics, fontsize=11)
    ax.set_ylim(0, 1.20)
    ax.set_ylabel("Score", fontsize=12)
    ax.set_title(
        f"Temporal-Stage Comparison  |  Delta AUC = {delta:+.4f}\n"
        f"Stage 1: 27 pre-labour features  |  "
        f"Stage 2: +13 intrapartum features (v5: active labour duration removed)\n{_note()}",
        fontsize=9)
    ax.legend(fontsize=10)
    ax.grid(axis="y", alpha=0.3)
    plt.tight_layout()
    fp = os.path.join(out_dir, "fig_temporal_comparison.png")
    fig.savefig(fp, dpi=600)
    plt.close(fig)
    print(f"  Saved: {fp}")


def plot_subgroup_auc(model, X_test, y_test, df_test, label, out_dir):
    prob = model.predict_proba(X_test)[:, 1]
    subgroups = {
        "Nulliparous":                          df_test["parity"] == 0,
        "Multiparous + Previous CS":            ((df_test["parity"] == 1) &
                                                 (df_test["prev_caesarean"] == 1)),
        "BMI >= 30 (Obese)":                     df_test["bmi_kgm2"] >= 30,
        "Planned Induction of Labour":           df_test["iol_planned"] == 1,
        "High Fear of Childbirth (W-DEQ >= 60)": df_test["wdeq_score"] >= 60,
        "High State Anxiety (STAI >= 60)":        df_test["state_anxiety_stai"] >= 60,
        "Elevated Depression (CES-D +)":         df_test["cesd_elevated"] == 1,
    }
    recs = []
    for name, mask in subgroups.items():
        idx = mask.reset_index(drop=True)
        idx = idx[idx].index.tolist()
        if len(idx) < 20 or y_test.iloc[idx].nunique() < 2:
            continue
        auc  = roc_auc_score(y_test.iloc[idx], prob[idx])
        cs_r = y_test.iloc[idx].mean()
        recs.append({"Subgroup": name, "n": len(idx),
                     "AUC": round(auc, 3), "CS_rate": round(cs_r, 3)})
    sub_df = pd.DataFrame(recs)
    sub_df.to_csv(
        os.path.join(out_dir, f"subgroup_{label.replace(' ','_')}.csv"),
        index=False)
    print(f"\n  [{label}] Subgroup AUC:\n{sub_df.to_string(index=False)}")

    if sub_df.empty:
        return sub_df
    fig, ax = plt.subplots(figsize=(9, max(4, len(sub_df) * 0.6)))
    ax.barh(sub_df["Subgroup"], sub_df["AUC"],
            color=COLORS.get(label.split()[0], "#92c5de"), edgecolor="grey")
    ax.axvline(0.5, color="red", ls="--", lw=1, label="Random (AUC=0.50)")
    ax.set_xlabel("AUC-ROC", fontsize=12)
    ax.set_title(
        f"Subgroup AUC - {label} Model\n{_note()}", fontsize=10)
    ax.set_xlim(0.4, 1.0)
    ax.legend(fontsize=9)
    ax.grid(axis="x", alpha=0.3)
    plt.tight_layout()
    fp = os.path.join(out_dir, f"fig_subgroup_{label.replace(' ','_')}.png")
    fig.savefig(fp, dpi=600)
    plt.close(fig)
    print(f"  Saved: {fp}")
    return sub_df


def plot_correlation_heatmap(df_ip, out_dir):
    # active_phase_hours retained here only as a DESCRIPTIVE column (it is
    # still generated for the copula / oxytocin-use structure) - it is
    # explicitly labelled as excluded-from-model in the axis tick.
    cont_cols = [
        "bishop_score","cervical_length_mm","cervical_dilation_cm",
        "active_phase_hours","oxytocin_max_dose","oxytocin_use",
        "epidural_use","bmi_kgm2","state_anxiety_stai","wdeq_score",
    ]
    labels_map = dict(FEATURE_DISPLAY_NAMES)
    labels_map["active_phase_hours"] = "Active Labour Duration (generated; excluded from model)"
    display_cols = [labels_map.get(c, c) for c in cont_cols]
    corr = df_ip[cont_cols].rename(columns=labels_map).corr()
    fig, ax = plt.subplots(figsize=(10, 8))
    mask = np.triu(np.ones_like(corr, dtype=bool))
    sns.heatmap(
        corr, mask=mask, annot=True, fmt=".2f",
        cmap="RdBu_r", center=0, vmin=-1, vmax=1,
        ax=ax, linewidths=0.5, cbar_kws={"shrink": 0.8},
        xticklabels=display_cols, yticklabels=display_cols,
    )
    ax.set_title(
        f"Feature Correlation Matrix - Intrapartum Subset\n{_note()}",
        fontsize=10)
    plt.xticks(rotation=45, ha="right", fontsize=8)
    plt.yticks(fontsize=8)
    plt.tight_layout()
    fp = os.path.join(out_dir, "fig_correlation_heatmap.png")
    fig.savefig(fp, dpi=600)
    plt.close(fig)
    print(f"  Saved: {fp}")


# =============================================================================
# 10.  MAIN
# =============================================================================

def main():
    banner = "=" * 72
    print(banner)
    print("  CS PREDICTION PIPELINE  v5")
    print(f"  Seed={RANDOM_SEED} | n={N_PATIENTS} | "
          f"AP target={CS_RATE_ANTEPARTUM:.0%} [WHO Betran 2021] | "
          f"IP target={CS_RATE_INTRAPARTUM:.0%} [enriched global]")
    print("  SHAP:", "Available (TreeExplainer)" if SHAP_AVAILABLE
          else "Not available (fallback: permutation importance)")
    print("  v5 CHANGE: active_phase_hours removed from IP feature set / COEF_IP")
    print("             (Reviewer 1: temporal leakage). Intercepts now")
    print("             calibrated at runtime via Monte Carlo + brentq.")
    print("  IMPORTANT: proof-of-concept on synthetic data only")
    print(banner)

    print("\n[0] Calibrating intercepts...")
    intercept_ap, intercept_ip = calibrate_intercepts()

    print("\n[1] Generating synthetic dataset...")
    df    = generate_synthetic_dataset(N_PATIENTS, RANDOM_SEED,
                                       intercept_ap, intercept_ip)
    df_ap = df[df["time_window"] == "antepartum"].copy().reset_index(drop=True)
    df_ip = df[df["time_window"] == "intrapartum"].copy().reset_index(drop=True)

    print(f"\n  -- CS RATE VALIDATION --------------------------------------")
    print(f"  Antepartum  : {df_ap[TARGET].mean():.3f}  "
          f"(WHO target {CS_RATE_ANTEPARTUM:.2f})  n={len(df_ap)}")
    print(f"  Intrapartum : {df_ip[TARGET].mean():.3f}  "
          f"(enriched target {CS_RATE_INTRAPARTUM:.2f})  n={len(df_ip)}")
    print(f"  Overall     : {df[TARGET].mean():.3f}  n={len(df)}")
    print(f"  Antepartum features  : {len(ANTEPARTUM_FEATURES)}")
    print(f"  Intrapartum features : {len(INTRAPARTUM_FEATURES)}  "
          f"(v4 had 41; active_phase_hours removed)")

    df.to_csv(os.path.join(OUTPUT_DIR, "synthetic_dataset_v5.csv"), index=False)

    spec = {
        "COEF_AP": COEF_AP,
        "COEF_IP": COEF_IP,
        "INTERCEPT_AP": round(intercept_ap, 4),
        "INTERCEPT_IP": round(intercept_ip, 4),
        "CS_RATE_ANTEPARTUM":  CS_RATE_ANTEPARTUM,
        "CS_RATE_INTRAPARTUM": CS_RATE_INTRAPARTUM,
        "RANDOM_SEED":  RANDOM_SEED,
        "N_PATIENTS":   N_PATIENTS,
        "v5_changes": [
            "active_phase_hours removed from COEF_IP and INTRAPARTUM_FEATURES "
            "(Reviewer 1: temporal leakage - not known until birth).",
            "INTERCEPT_AP / INTERCEPT_IP now calibrated at runtime via Monte "
            "Carlo simulation (n=500,000) + brentq, replacing the v4 "
            "algebraic approximation.",
        ],
        "intercept_derivation":
            "Runtime Monte Carlo calibration: brentq root-finding on "
            "E[sigmoid(intercept + sum(coef_k * X_k) + noise)] = target_rate.",
    }
    with open(os.path.join(OUTPUT_DIR, "generative_model_spec.json"), "w") as f:
        json.dump(spec, f, indent=2)

    ap_train, ap_test = train_test_split(
        df_ap, test_size=0.20, random_state=RANDOM_SEED, stratify=df_ap[TARGET])
    ip_train, ip_test = train_test_split(
        df_ip, test_size=0.20, random_state=RANDOM_SEED, stratify=df_ip[TARGET])

    print(f"\n[2] Train/test splits (stratified, per temporal window):")
    print(f"  Antepartum  -> train {len(ap_train)}, test {len(ap_test)}")
    print(f"  Intrapartum -> train {len(ip_train)}, test {len(ip_test)}")

    results_store = {}

    print(f"\n{'-'*64}")
    print(f"  STAGE 1 - ANTEPARTUM MODEL")
    print(f"{'-'*64}")
    X_ap_tr = ap_train[ANTEPARTUM_FEATURES]
    y_ap_tr = ap_train[TARGET]
    X_ap_te = ap_test[ANTEPARTUM_FEATURES].reset_index(drop=True)
    y_ap_te = ap_test[TARGET].reset_index(drop=True)

    model_ap = build_and_tune_model(X_ap_tr, y_ap_tr, "Antepartum")
    thr_ap, prob_ap, fpr_ap, tpr_ap = evaluate_model(
        model_ap, X_ap_te, y_ap_te, "Antepartum", results_store)

    print(f"\n{'-'*64}")
    print(f"  STAGE 2 - INTRAPARTUM MODEL (v5: {len(INTRAPARTUM_FEATURES)} features)")
    print(f"{'-'*64}")
    X_ip_tr = ip_train[INTRAPARTUM_FEATURES]
    y_ip_tr = ip_train[TARGET]
    X_ip_te = ip_test[INTRAPARTUM_FEATURES].reset_index(drop=True)
    y_ip_te = ip_test[TARGET].reset_index(drop=True)

    model_ip = build_and_tune_model(X_ip_tr, y_ip_tr, "Intrapartum")
    thr_ip, prob_ip, fpr_ip, tpr_ip = evaluate_model(
        model_ip, X_ip_te, y_ip_te, "Intrapartum", results_store)

    delta_auc = (results_store["Intrapartum"]["AUC_ROC"] -
                 results_store["Antepartum"]["AUC_ROC"])
    results_store.update({
        "DELTA_AUC_intra_minus_ante": round(delta_auc, 4),
        "RANDOM_SEED":  RANDOM_SEED,
        "N_PATIENTS":   N_PATIENTS,
        "CS_RATE_TARGETS":  {"antepartum":  CS_RATE_ANTEPARTUM,
                             "intrapartum": CS_RATE_INTRAPARTUM},
        "CS_RATE_OBSERVED": {
            "antepartum":  round(df_ap[TARGET].mean(), 3),
            "intrapartum": round(df_ip[TARGET].mean(), 3),
        },
    })

    print(f"\n  -- TEMPORAL VALUE ADDED --------------------------------------")
    print(f"  Stage 1 AUC = {results_store['Antepartum']['AUC_ROC']:.4f}  "
          f"(27 pre-labour features)")
    print(f"  Stage 2 AUC = {results_store['Intrapartum']['AUC_ROC']:.4f}  "
          f"({len(INTRAPARTUM_FEATURES)} features)")
    print(f"  Delta AUC   = {delta_auc:+.4f}")

    print("\n[3] Computing SHAP values / feature importance...")
    imp_ap = compute_shap(model_ap, X_ap_tr, X_ap_te, y_ap_te, "Antepartum", OUTPUT_DIR)
    imp_ip = compute_shap(model_ip, X_ip_tr, X_ip_te, y_ip_te, "Intrapartum", OUTPUT_DIR)

    plot_importance_bar(
        imp_ap,
        f"Feature Importance - Stage 1 Antepartum Model  "
        f"({'SHAP' if SHAP_AVAILABLE else 'Permutation'}, "
        f"{len(ANTEPARTUM_FEATURES)} features)",
        "fig3_importance_antepartum.png", OUTPUT_DIR)
    plot_importance_bar(
        imp_ip,
        f"Feature Importance - Stage 2 Intrapartum Model  "
        f"({'SHAP' if SHAP_AVAILABLE else 'Permutation'}, "
        f"{len(INTRAPARTUM_FEATURES)} features; red = intrapartum-specific)",
        "fig4_importance_intrapartum.png", OUTPUT_DIR)

    print("\n[4] VIF (intrapartum features, complete cases)...")
    vif_df = compute_vif(X_ip_te.dropna())
    print(vif_df[["feature_display","VIF","flag"]].to_string(index=False))
    vif_df.to_csv(os.path.join(OUTPUT_DIR, "vif_table.csv"), index=False)

    print("\n[5] Subgroup AUC (biopsychosocial subgroups)...")
    plot_subgroup_auc(model_ap, X_ap_te, y_ap_te,
                      ap_test.reset_index(drop=True), "Antepartum", OUTPUT_DIR)
    plot_subgroup_auc(model_ip, X_ip_te, y_ip_te,
                      ip_test.reset_index(drop=True), "Intrapartum", OUTPUT_DIR)

    print("\n[6] Generating figures...")
    plot_cs_rate_validation(df, OUTPUT_DIR)
    plot_roc_both(
        (fpr_ap, tpr_ap, results_store["Antepartum"]["AUC_ROC"]),
        (fpr_ip, tpr_ip, results_store["Intrapartum"]["AUC_ROC"]),
        OUTPUT_DIR)
    plot_calibration_both(
        {"Antepartum": prob_ap, "Intrapartum": prob_ip},
        {"Antepartum": y_ap_te, "Intrapartum": y_ip_te},
        OUTPUT_DIR)
    plot_threshold_sensitivity(prob_ap, y_ap_te,
                               "Antepartum", "fig5_threshold_ante.png",
                               OUTPUT_DIR)
    plot_threshold_sensitivity(prob_ip, y_ip_te,
                               "Intrapartum", "fig6_threshold_intra.png",
                               OUTPUT_DIR)
    r = results_store["Antepartum"]
    plot_confusion_matrix(r["TN"], r["FP"], r["FN"], r["TP"],
                          "Confusion Matrix - Stage 1 Antepartum",
                          "fig7_cm_ante.png", OUTPUT_DIR)
    r = results_store["Intrapartum"]
    plot_confusion_matrix(r["TN"], r["FP"], r["FN"], r["TP"],
                          "Confusion Matrix - Stage 2 Intrapartum",
                          "fig8_cm_intra.png", OUTPUT_DIR)
    plot_temporal_comparison(results_store, OUTPUT_DIR)
    plot_correlation_heatmap(df_ip, OUTPUT_DIR)

    imp_ap.to_csv(
        os.path.join(OUTPUT_DIR, "importance_antepartum_all.csv"), index=False)
    imp_ip.to_csv(
        os.path.join(OUTPUT_DIR, "importance_intrapartum_all.csv"), index=False)

    with open(os.path.join(OUTPUT_DIR, "model_performance_summary.json"), "w") as f:
        json.dump(results_store, f, indent=2)

    print(f"\n{banner}")
    print(f"  PIPELINE v5 COMPLETE")
    print(f"  Outputs -> {os.path.abspath(OUTPUT_DIR)}/")
    print(banner)
    print()
    print(f"  ┌──────────────────────────────────────────────────────────────┐")
    print(f"  │  SUMMARY                                                     │")
    print(f"  ├──────────────────┬──────────┬──────────┬──────────┬─────────┤")
    print(f"  │  Model           │  n test  │ AUC-ROC  │  Brier   │ Uncs CS │")
    print(f"  ├──────────────────┼──────────┼──────────┼──────────┼─────────┤")
    for k in ["Antepartum", "Intrapartum"]:
        v = results_store[k]
        print(f"  │  {k:<16} │  {v['n_test']:<8} │  "
              f"{v['AUC_ROC']:.4f}  │  {v['Brier']:.4f}  │  "
              f"{v['Unnecessary_CS_rate']:.3f}   │")
    print(f"  ├──────────────────┴──────────┴──────────┴──────────┴─────────┤")
    print(f"  │  Delta AUC = {delta_auc:+.4f}  "
          f"  AP obs={results_store['CS_RATE_OBSERVED']['antepartum']:.3f}"
          f" / target={CS_RATE_ANTEPARTUM:.2f}  "
          f"  IP obs={results_store['CS_RATE_OBSERVED']['intrapartum']:.3f}"
          f" / target={CS_RATE_INTRAPARTUM:.2f}  │")
    print(f"  └──────────────────────────────────────────────────────────────┘")
    print()


if __name__ == "__main__":
    main()

####################################################################################################################### 
Code 2:
"""
=============================================================================
Machine Learning-Based Decision Support for Delivery Mode Prediction
Dual-Stage (Antepartum / Intrapartum) Framework  —  VERSION 5-ROBUSTNESS
=============================================================================

WHAT THIS SCRIPT ADDS ON TOP OF v5:
  A single run of a stochastic simulation (one random seed) gives a noisy
  point estimate for every metric (AUC, PPV, NPV, threshold, etc.) - the
  95% CI on a single-run antepartum AUC of 0.638 (n_test=239) is roughly
  0.55-0.73, i.e. +/- 0.09. Reporting one seed's numbers as THE result
  overstates precision and is exactly the kind of "insufficient
  robustness" concern an editor / Reviewer 2 can reasonably raise.

  This script repeats the ENTIRE data-generation + train + evaluate
  cycle across N_SEEDS independent random seeds (default 30) and reports:
    - per-seed metrics (CSV, for full transparency / reproducibility)
    - mean, standard deviation, and EMPIRICAL 95% CI (2.5th/97.5th
      percentile across the seeds - no parametric assumption) for every
      metric, for both the antepartum and intrapartum model
    - a box/violin comparison figure showing the AUC distribution for
      both models across all seeds, so the reader can see directly that
      "intrapartum predicts better than antepartum" is a stable pattern
      and not a one-run artefact

  Hyperparameters (learning_rate, max_depth, n_estimators, etc.) are
  tuned ONCE (on the reference seed) via GridSearchCV, then held fixed
  across all replicate seeds. Re-running full GridSearchCV at every
  seed would be extremely slow and is not necessary for a robustness
  check of a fixed model family - see PIPELINE STRUCTURE below.

  All other v5 fixes are retained: active_phase_hours removed from
  COEF_IP / INTRAPARTUM_FEATURES (Reviewer 1, leakage), intercepts
  calibrated at runtime via Monte Carlo + brentq, sample-weighting
  instead of SMOTE, 600 DPI figures.

PIPELINE STRUCTURE:
  Step 1: Calibrate INTERCEPT_AP / INTERCEPT_IP once (Monte Carlo, large n).
  Step 2: Tune GradientBoostingClassifier hyperparameters once (seed=42).
  Step 3: For each of N_SEEDS replicate seeds:
            generate a fresh synthetic cohort -> split -> fit (fixed
            hyperparameters) -> evaluate -> store metrics.
  Step 4: Aggregate across seeds (mean / SD / empirical 95% CI) and
          save summary tables + comparison figure.

REPRODUCIBILITY:  BASE_RANDOM_SEED = 42 (reference seed + hyperparameter
                   tuning); replicate seeds = 1001, 1002, ..., 1000+N_SEEDS
Run:  python cs_prediction_pipeline_v5_robustness.py
Outputs -> results_v5_robustness/ (next to this script)

REQUIREMENTS:
  pip install scikit-learn matplotlib seaborn numpy pandas scipy
  (shap not required for this script - it only reports performance
   metric stability, not feature importance)
=============================================================================
"""

import os
import time
import warnings
import json
import numpy as np
import pandas as pd
import matplotlib
matplotlib.use("Agg")
import matplotlib.pyplot as plt
import seaborn as sns
from scipy import stats
from scipy.optimize import brentq

from sklearn.ensemble import GradientBoostingClassifier
from sklearn.model_selection import StratifiedKFold, GridSearchCV, train_test_split
from sklearn.metrics import (
    roc_auc_score, average_precision_score,
    confusion_matrix, roc_curve, brier_score_loss,
)

warnings.filterwarnings("ignore")

# =============================================================================
# 0.  GLOBAL SETTINGS
# =============================================================================
BASE_RANDOM_SEED = 42
N_PATIENTS       = 3000
N_CV_FOLDS       = 5
N_CALIBRATION    = 500_000
N_SEEDS          = 30     # number of independent simulation replicates
DPI              = 600
OUTPUT_DIR = os.path.join(os.path.dirname(os.path.abspath(__file__)),
                          "results_v5_robustness")
os.makedirs(OUTPUT_DIR, exist_ok=True)

CS_RATE_ANTEPARTUM  = 0.21
CS_RATE_INTRAPARTUM = 0.29

# =============================================================================
# 1.  LABEL COEFFICIENTS  (unchanged from v5 - active_phase_hours excluded)
# =============================================================================
COEF_AP = {
    "prev_caesarean":         +1.386,
    "iol_planned":            +0.693,
    "bmi_kgm2":               +0.046,
    "gestational_age_wk":    -0.182,
    "cesd_elevated":          +0.336,
    "wdeq_score":             +0.022,
    "art_conception":         +0.693,
    "hypertension_hdp":       +0.916,
    "gestational_diabetes":   +0.588,
    "prenatal_education":    -0.431,
    "doula_support":         -0.511,
    "efwt_grams":            +0.0003,
    "parity":                -0.405,
    "prev_vaginal_birth":    -0.511,
    "hyp_use_ap":            -0.357,
}

# active_phase_hours intentionally excluded (Reviewer 1 - v5: leakage)
COEF_IP = {
    "bishop_score":           -0.154,
    "cervical_length_mm":     +0.039,
    "cervical_dilation_cm":   -0.223,
    "fetal_head_position":    +0.916,
    "oxytocin_use":           +0.642,
    "epidural_use":           +0.405,
}

# =============================================================================
# 2.  DATA GENERATION (shared covariate generator, same as v5)
# =============================================================================

def _to_uniform(z):
    return stats.norm.cdf(z)


def _generate_covariates(n: int, seed: int) -> pd.DataFrame:
    r = np.random.default_rng(seed)

    rho_ip = np.array([
        [ 1.00, -0.65,  0.72,  0.05,  0.10],
        [-0.65,  1.00, -0.60,  0.12,  0.05],
        [ 0.72, -0.60,  1.00,  0.08,  0.12],
        [ 0.05,  0.12,  0.08,  1.00,  0.42],
        [ 0.10,  0.05,  0.12,  0.42,  1.00],
    ])
    L_ip = np.linalg.cholesky(rho_ip)
    u_ip = _to_uniform(r.standard_normal((n, 5)) @ L_ip.T)

    bishop_all   = stats.norm.ppf(u_ip[:,0], loc=4.2,  scale=2.2).clip(0, 13)
    cerv_len_all = stats.norm.ppf(u_ip[:,1], loc=27.0, scale=7.0).clip(0, 60)
    cerv_dil_all = stats.norm.ppf(u_ip[:,2], loc=2.5,  scale=1.5).clip(0, 10)
    active_h_all = stats.expon.ppf(u_ip[:,3], scale=4.0).clip(0.5, 24)
    oxy_dose_all = stats.expon.ppf(u_ip[:,4], scale=8.0).clip(0, 40)

    rho_ap = np.array([
        [1.00, 0.25, 0.20, 0.30],
        [0.25, 1.00, 0.58, 0.52],
        [0.20, 0.58, 1.00, 0.48],
        [0.30, 0.52, 0.48, 1.00],
    ])
    L_ap = np.linalg.cholesky(rho_ap)
    u_ap = _to_uniform(r.standard_normal((n, 4)) @ L_ap.T)

    bmi_all  = stats.norm.ppf(u_ap[:,0], loc=25.5, scale=5.9).clip(15, 55)
    anx_all  = stats.norm.ppf(u_ap[:,1], loc=55.0, scale=6.0).clip(20, 80)
    wdeq_all = stats.norm.ppf(u_ap[:,2], loc=54.0, scale=8.0).clip(0, 165)
    sds_all  = stats.norm.ppf(u_ap[:,3], loc=52.0, scale=8.0).clip(25, 80)

    df = pd.DataFrame()
    df["patient_id"]           = np.arange(1, n + 1)
    df["maternal_age_years"]   = r.normal(31.99, 4.62, n).clip(17, 50)
    df["height_cm"]            = r.normal(165.0, 6.8,  n).clip(140, 195)
    df["bmi_kgm2"]             = bmi_all
    df["wdeq_score"]           = wdeq_all
    df["cbsei_score"]          = r.normal(6.5,  1.8, n).clip(1, 10)
    df["state_anxiety_stai"]   = anx_all
    df["gestational_age_wk"]   = r.normal(39.2, 1.2, n).clip(37, 42)
    df["efwt_grams"]           = r.normal(3350, 450, n).clip(2000, 5500)
    df["sds_depression"]       = sds_all
    df["parity"]               = r.binomial(1, 0.50, n)
    df["prev_caesarean"]       = r.binomial(1, 0.25, n)
    df["prev_vaginal_birth"]   = r.binomial(1, 0.45, n)
    df["prev_vbac"]            = r.binomial(1, 0.10, n)
    df["art_conception"]       = r.binomial(1, 0.08, n)
    df["cesd_elevated"]        = r.binomial(1, 0.30, n)
    df["prenatal_education"]   = r.binomial(1, 0.45, n)
    df["doula_support"]        = r.binomial(1, 0.15, n)
    df["hypertension_hdp"]     = r.binomial(1, 0.05, n)
    df["gestational_diabetes"] = r.binomial(1, 0.07, n)
    df["iol_planned"]          = r.binomial(1, 0.25, n)
    df["fetal_sex"]            = r.binomial(1, 0.51, n)
    df["pregnancy_illness"]    = r.binomial(1, 0.12, n)
    df["hyp_use_ap"]           = r.binomial(1, 0.08, n)
    df["perineal_massage_ap"]  = r.binomial(1, 0.25, n)
    df["bmi_category"]         = r.choice(6, n, p=[0.04,0.45,0.28,0.13,0.07,0.03])
    df["ethnicity_code"]       = r.choice(5, n, p=[0.60,0.12,0.15,0.08,0.05])
    df["gravidity"]            = r.choice([1,2,3,4], n, p=[0.35,0.35,0.20,0.10])
    df["bishop_score"]         = bishop_all
    df["cervical_length_mm"]   = cerv_len_all
    df["cervical_dilation_cm"] = cerv_dil_all
    df["active_phase_hours"]   = active_h_all   # generated, not a model feature
    df["oxytocin_max_dose"]    = oxy_dose_all

    oxy_prob = (1 / (1 + np.exp(-(active_h_all - 4.0) * 0.25))).clip(0.15, 0.75)
    df["oxytocin_use"]         = (r.random(n) < oxy_prob).astype(int)
    epi_prob = (1 / (1 + np.exp(-(wdeq_all - 54.0) * 0.04 - 0.3))).clip(0.30, 0.85)
    df["epidural_use"]         = (r.random(n) < epi_prob).astype(int)
    df["fetal_head_position"]  = r.binomial(1, 0.18, n)
    df["vr_pain_management"]   = r.binomial(1, 0.10, n)
    df["perineal_massage_ip"]  = r.binomial(1, 0.30, n)
    df["waterbirth"]           = r.binomial(1, 0.05, n)

    station_p = np.column_stack([
        np.where(cerv_dil_all < 3, 0.15, 0.05),
        np.where(cerv_dil_all < 3, 0.25, 0.15),
        np.full(n, 0.30),
        np.where(cerv_dil_all >= 3, 0.30, 0.20),
        np.where(cerv_dil_all >= 5, 0.12, 0.07),
        np.full(n, 0.03),
        np.full(n, 0.01),
    ])
    station_p /= station_p.sum(axis=1, keepdims=True)
    df["station"]              = np.array([r.choice(7, p=station_p[i])
                                           for i in range(n)])
    df["amniotic_fluid"]       = r.choice(3, n, p=[0.80, 0.12, 0.08])
    df["robson_group"]         = r.choice([1,2,3,4,5,6], n,
                                          p=[0.22,0.12,0.28,0.10,0.18,0.10])
    return df


def calibrate_intercepts(n_cal: int = N_CALIBRATION,
                         seed: int = BASE_RANDOM_SEED + 777):
    print(f"\n  Calibrating INTERCEPT_AP / INTERCEPT_IP "
          f"(Monte Carlo brentq, n={n_cal:,})...")
    df_cal = _generate_covariates(n_cal, seed)

    cov_sum_ap = np.zeros(n_cal)
    for var, coef in COEF_AP.items():
        cov_sum_ap += coef * df_cal[var].values
    noise_ap = np.random.default_rng(seed + 1).normal(0, 0.40, n_cal)

    def residual_ap(b0):
        return (1/(1+np.exp(-(b0 + cov_sum_ap + noise_ap)))).mean() - CS_RATE_ANTEPARTUM

    intercept_ap = brentq(residual_ap, -15, 15, xtol=1e-5)

    cov_sum_ip = cov_sum_ap.copy()
    for var, coef in COEF_IP.items():
        cov_sum_ip += coef * df_cal[var].values
    noise_ip = np.random.default_rng(seed + 2).normal(0, 0.40, n_cal)

    def residual_ip(b0):
        return (1/(1+np.exp(-(b0 + cov_sum_ip + noise_ip)))).mean() - CS_RATE_INTRAPARTUM

    intercept_ip = brentq(residual_ip, -15, 15, xtol=1e-5)

    verified_ap = (1/(1+np.exp(-(intercept_ap+cov_sum_ap+noise_ap)))).mean()
    verified_ip = (1/(1+np.exp(-(intercept_ip+cov_sum_ip+noise_ip)))).mean()
    print(f"  INTERCEPT_AP = {intercept_ap:.4f}  |  Verified E[P(CS)] = {verified_ap:.4f}")
    print(f"  INTERCEPT_IP = {intercept_ip:.4f}  |  Verified E[P(CS)] = {verified_ip:.4f}")
    return intercept_ap, intercept_ip


def generate_synthetic_dataset(n, seed, intercept_ap, intercept_ip):
    r = np.random.default_rng(seed)
    df = _generate_covariates(n, seed)

    ap_mask = r.random(n) < 0.40
    ip_mask = ~ap_mask
    df["time_window"] = np.where(ap_mask, "antepartum", "intrapartum")

    ip_cols = [
        "bishop_score","cervical_length_mm","cervical_dilation_cm",
        "station","fetal_head_position","oxytocin_use","oxytocin_max_dose",
        "amniotic_fluid","epidural_use","active_phase_hours","robson_group",
        "vr_pain_management","perineal_massage_ip","waterbirth",
    ]
    for col in ip_cols:
        df.loc[ap_mask, col] = np.nan

    log_odds = np.zeros(n)
    ap_idx = np.where(ap_mask)[0]
    log_odds[ap_idx] = intercept_ap
    for var, coef in COEF_AP.items():
        log_odds[ap_idx] += coef * df.iloc[ap_idx][var].values

    ip_idx = np.where(ip_mask)[0]
    log_odds[ip_idx] = intercept_ip
    for var, coef in COEF_AP.items():
        log_odds[ip_idx] += coef * df.iloc[ip_idx][var].values
    for var, coef in COEF_IP.items():
        log_odds[ip_idx] += coef * df.iloc[ip_idx][var].values

    log_odds += r.normal(0, 0.40, n)
    prob_cs = 1 / (1 + np.exp(-log_odds))
    df["delivery_mode_binary"] = (r.random(n) < prob_cs).astype(int)
    return df


# =============================================================================
# 3.  FEATURE LISTS
# =============================================================================
ANTEPARTUM_FEATURES = [
    "maternal_age_years", "height_cm", "bmi_kgm2", "bmi_category",
    "parity", "gravidity", "prev_caesarean", "prev_vaginal_birth", "prev_vbac",
    "gestational_age_wk", "efwt_grams", "art_conception",
    "hypertension_hdp", "gestational_diabetes", "pregnancy_illness",
    "iol_planned", "fetal_sex", "ethnicity_code",
    "cesd_elevated", "wdeq_score", "cbsei_score",
    "state_anxiety_stai", "sds_depression",
    "prenatal_education", "doula_support",
    "hyp_use_ap", "perineal_massage_ap",
]  # 27 features

INTRAPARTUM_FEATURES = ANTEPARTUM_FEATURES + [
    "bishop_score", "cervical_length_mm", "cervical_dilation_cm",
    "station", "fetal_head_position",
    "oxytocin_use", "oxytocin_max_dose",
    "amniotic_fluid", "robson_group",
    "epidural_use", "vr_pain_management",
    "perineal_massage_ip", "waterbirth",
]  # 27 + 13 = 40 features

TARGET = "delivery_mode_binary"


# =============================================================================
# 4.  HYPERPARAMETER TUNING (once, on the reference seed)
# =============================================================================

def tune_hyperparameters(X_train, y_train, model_name: str):
    print(f"\n[{model_name}] Tuning hyperparameters ONCE on reference seed "
          f"(will be reused for all {N_SEEDS} replicate seeds)...")
    pos_w = (y_train == 0).sum() / max((y_train == 1).sum(), 1)
    sw    = np.where(y_train == 1, pos_w, 1.0)
    pg    = {
        "n_estimators":     [200, 400],
        "max_depth":        [3, 5],
        "learning_rate":    [0.05, 0.10],
        "subsample":        [0.8],
        "min_samples_leaf": [20],
    }
    cv = StratifiedKFold(n_splits=N_CV_FOLDS, shuffle=True,
                         random_state=BASE_RANDOM_SEED)
    gs = GridSearchCV(
        GradientBoostingClassifier(random_state=BASE_RANDOM_SEED),
        pg, scoring="roc_auc", cv=cv, n_jobs=-1, refit=True, verbose=0,
    )
    gs.fit(X_train, y_train, sample_weight=sw)
    print(f"  Best params : {gs.best_params_}")
    print(f"  CV AUC-ROC  : {gs.best_score_:.4f}")
    return gs.best_params_


# =============================================================================
# 5.  EVALUATION HELPERS
# =============================================================================

def youden_threshold(fpr, tpr, thr_arr):
    return float(thr_arr[np.argmax(tpr - fpr)])


def evaluate(model, X_test, y_test):
    prob = model.predict_proba(X_test)[:, 1]
    fpr, tpr, thr_arr = roc_curve(y_test, prob)
    auc_roc = roc_auc_score(y_test, prob)
    auc_pr  = average_precision_score(y_test, prob)
    brier   = brier_score_loss(y_test, prob)
    thr     = youden_threshold(fpr, tpr, thr_arr)
    pred    = (prob >= thr).astype(int)
    tn, fp, fn, tp = confusion_matrix(y_test, pred, labels=[0,1]).ravel()
    sens = tp / (tp + fn) if (tp + fn) > 0 else 0
    spec = tn / (tn + fp) if (tn + fp) > 0 else 0
    ppv  = tp / (tp + fp) if (tp + fp) > 0 else 0
    npv  = tn / (tn + fn) if (tn + fn) > 0 else 0
    uncs = fp / (tp + fp) if (tp + fp) > 0 else 0
    return dict(AUC_ROC=auc_roc, AUC_PR=auc_pr, Brier=brier,
                Threshold=thr, Sensitivity=sens, Specificity=spec,
                PPV=ppv, NPV=npv, Unnecessary_CS_rate=uncs,
                n_test=len(y_test), CS_rate_observed=float(y_test.mean()))


def one_replicate(seed, best_params_ap, best_params_ip):
    """Generate one fresh cohort, train both models with fixed
    hyperparameters, evaluate, return metrics for this single seed."""
    df    = generate_synthetic_dataset(N_PATIENTS, seed, INTERCEPT_AP, INTERCEPT_IP)
    df_ap = df[df["time_window"] == "antepartum"].reset_index(drop=True)
    df_ip = df[df["time_window"] == "intrapartum"].reset_index(drop=True)

    ap_train, ap_test = train_test_split(
        df_ap, test_size=0.20, random_state=seed, stratify=df_ap[TARGET])
    ip_train, ip_test = train_test_split(
        df_ip, test_size=0.20, random_state=seed, stratify=df_ip[TARGET])

    X_ap_tr, y_ap_tr = ap_train[ANTEPARTUM_FEATURES], ap_train[TARGET]
    X_ap_te, y_ap_te = ap_test[ANTEPARTUM_FEATURES], ap_test[TARGET]
    X_ip_tr, y_ip_tr = ip_train[INTRAPARTUM_FEATURES], ip_train[TARGET]
    X_ip_te, y_ip_te = ip_test[INTRAPARTUM_FEATURES], ip_test[TARGET]

    pos_w_ap = (y_ap_tr == 0).sum() / max((y_ap_tr == 1).sum(), 1)
    sw_ap    = np.where(y_ap_tr == 1, pos_w_ap, 1.0)
    model_ap = GradientBoostingClassifier(random_state=seed, **best_params_ap)
    model_ap.fit(X_ap_tr, y_ap_tr, sample_weight=sw_ap)

    pos_w_ip = (y_ip_tr == 0).sum() / max((y_ip_tr == 1).sum(), 1)
    sw_ip    = np.where(y_ip_tr == 1, pos_w_ip, 1.0)
    model_ip = GradientBoostingClassifier(random_state=seed, **best_params_ip)
    model_ip.fit(X_ip_tr, y_ip_tr, sample_weight=sw_ip)

    m_ap = evaluate(model_ap, X_ap_te, y_ap_te)
    m_ip = evaluate(model_ip, X_ip_te, y_ip_te)
    m_ap["seed"] = seed
    m_ip["seed"] = seed
    m_ap["delta_auc_vs_ap"] = 0.0
    m_ip["delta_auc_vs_ap"] = m_ip["AUC_ROC"] - m_ap["AUC_ROC"]
    return m_ap, m_ip


def empirical_ci(values, alpha=0.05):
    lo = np.percentile(values, 100 * alpha / 2)
    hi = np.percentile(values, 100 * (1 - alpha / 2))
    return lo, hi


def summarize(metrics_list, name):
    df = pd.DataFrame(metrics_list)
    rows = []
    for col in ["AUC_ROC", "AUC_PR", "Brier", "Threshold",
                "Sensitivity", "Specificity", "PPV", "NPV",
                "Unnecessary_CS_rate"]:
        vals = df[col].values
        lo, hi = empirical_ci(vals)
        rows.append({
            "Model": name, "Metric": col,
            "Mean": round(vals.mean(), 4), "SD": round(vals.std(ddof=1), 4),
            "CI_2.5%": round(lo, 4), "CI_97.5%": round(hi, 4),
            "Min": round(vals.min(), 4), "Max": round(vals.max(), 4),
        })
    return df, pd.DataFrame(rows)


def plot_auc_distribution(df_ap, df_ip, out_dir):
    fig, ax = plt.subplots(figsize=(8, 6))
    data = [df_ap["AUC_ROC"].values, df_ip["AUC_ROC"].values]
    positions = [1, 2]
    bp = ax.violinplot(data, positions=positions, showmeans=True, showextrema=True)
    for i, pc in enumerate(bp['bodies']):
        pc.set_facecolor("#2166ac" if i == 0 else "#d6604d")
        pc.set_alpha(0.6)
    for i, d in enumerate(data):
        jitter = np.random.default_rng(0).normal(0, 0.04, len(d))
        ax.scatter(np.full(len(d), positions[i]) + jitter, d,
                   color="black", s=14, alpha=0.5, zorder=3)
    ax.axhline(0.5, color="red", ls="--", lw=1, label="Random (AUC=0.50)")
    ax.set_xticks(positions)
    ax.set_xticklabels([f"Antepartum\n(n={len(df_ap)} seeds)",
                        f"Intrapartum\n(n={len(df_ip)} seeds)"], fontsize=11)
    ax.set_ylabel("AUC-ROC (per-seed test-set estimate)", fontsize=12)
    ax.set_title(
        f"AUC-ROC Distribution Across {N_SEEDS} Independent Simulation Replicates\n"
        f"Proof-of-concept on synthetic data - not clinical validation",
        fontsize=10)
    ax.legend(fontsize=10)
    ax.grid(axis="y", alpha=0.3)
    plt.tight_layout()
    fp = os.path.join(out_dir, "fig_auc_robustness_violin.png")
    fig.savefig(fp, dpi=DPI)
    plt.close(fig)
    print(f"  Saved: {fp}")


def plot_delta_auc_distribution(df_ip, out_dir):
    fig, ax = plt.subplots(figsize=(8, 5))
    vals = df_ip["delta_auc_vs_ap"].values
    ax.hist(vals, bins=15, color="#4dac26", alpha=0.75, edgecolor="white")
    ax.axvline(0, color="red", ls="--", lw=1.5, label="No difference (Delta AUC = 0)")
    ax.axvline(vals.mean(), color="black", ls="-", lw=1.5,
               label=f"Mean Delta AUC = {vals.mean():+.4f}")
    ax.set_xlabel("Delta AUC  (Intrapartum minus Antepartum), per seed", fontsize=12)
    ax.set_ylabel("Number of seeds", fontsize=12)
    ax.set_title(
        f"Stability of the Intrapartum Performance Advantage\n"
        f"across {N_SEEDS} independent simulation replicates",
        fontsize=10)
    ax.legend(fontsize=10)
    ax.grid(axis="y", alpha=0.3)
    plt.tight_layout()
    fp = os.path.join(out_dir, "fig_delta_auc_distribution.png")
    fig.savefig(fp, dpi=DPI)
    plt.close(fig)
    print(f"  Saved: {fp}")
    pct_positive = (vals > 0).mean() * 100
    return pct_positive


# =============================================================================
# 6.  MAIN
# =============================================================================

def main():
    global INTERCEPT_AP, INTERCEPT_IP
    banner = "=" * 72
    t0 = time.time()
    print(banner)
    print("  CS PREDICTION PIPELINE  v5-ROBUSTNESS")
    print(f"  {N_SEEDS} independent simulation replicates | "
          f"n={N_PATIENTS} patients per replicate")
    print("  Purpose: report mean +/- 95% CI for every metric instead of a")
    print("           single seed's point estimate (addresses reviewer /")
    print("           editor concerns about robustness of reported results).")
    print(banner)

    print("\n[1] Calibrating intercepts (once, shared across all replicates)...")
    INTERCEPT_AP, INTERCEPT_IP = calibrate_intercepts()

    print("\n[2] Tuning hyperparameters once on the reference seed "
          f"({BASE_RANDOM_SEED})...")
    df_ref    = generate_synthetic_dataset(N_PATIENTS, BASE_RANDOM_SEED,
                                           INTERCEPT_AP, INTERCEPT_IP)
    df_ap_ref = df_ref[df_ref["time_window"] == "antepartum"].reset_index(drop=True)
    df_ip_ref = df_ref[df_ref["time_window"] == "intrapartum"].reset_index(drop=True)
    ap_tr_ref, _ = train_test_split(df_ap_ref, test_size=0.20,
                                    random_state=BASE_RANDOM_SEED,
                                    stratify=df_ap_ref[TARGET])
    ip_tr_ref, _ = train_test_split(df_ip_ref, test_size=0.20,
                                    random_state=BASE_RANDOM_SEED,
                                    stratify=df_ip_ref[TARGET])
    best_params_ap = tune_hyperparameters(
        ap_tr_ref[ANTEPARTUM_FEATURES], ap_tr_ref[TARGET], "Antepartum")
    best_params_ip = tune_hyperparameters(
        ip_tr_ref[INTRAPARTUM_FEATURES], ip_tr_ref[TARGET], "Intrapartum")

    print(f"\n[3] Running {N_SEEDS} independent simulation replicates "
          f"(fixed hyperparameters, fresh data each time)...")
    ap_metrics, ip_metrics = [], []
    for i in range(1, N_SEEDS + 1):
        seed = 1000 + i
        m_ap, m_ip = one_replicate(seed, best_params_ap, best_params_ip)
        ap_metrics.append(m_ap)
        ip_metrics.append(m_ip)
        print(f"  Replicate {i:2d}/{N_SEEDS}  (seed={seed})  "
              f"AP AUC={m_ap['AUC_ROC']:.3f}  IP AUC={m_ip['AUC_ROC']:.3f}  "
              f"Delta={m_ip['delta_auc_vs_ap']:+.3f}")

    print("\n[4] Aggregating results...")
    df_ap_all, summary_ap = summarize(ap_metrics, "Antepartum")
    df_ip_all, summary_ip = summarize(ip_metrics, "Intrapartum")

    df_ap_all.to_csv(os.path.join(OUTPUT_DIR, "per_seed_antepartum.csv"), index=False)
    df_ip_all.to_csv(os.path.join(OUTPUT_DIR, "per_seed_intrapartum.csv"), index=False)

    summary_all = pd.concat([summary_ap, summary_ip], ignore_index=True)
    summary_all.to_csv(os.path.join(OUTPUT_DIR, "robustness_summary.csv"), index=False)

    delta_vals = df_ip_all["delta_auc_vs_ap"].values
    delta_lo, delta_hi = empirical_ci(delta_vals)

    print("\n[5] Generating figures...")
    plot_auc_distribution(df_ap_all, df_ip_all, OUTPUT_DIR)
    pct_positive = plot_delta_auc_distribution(df_ip_all, OUTPUT_DIR)

    elapsed = time.time() - t0
    print(f"\n{banner}")
    print(f"  ROBUSTNESS ANALYSIS COMPLETE  ({elapsed/60:.1f} min, "
          f"{N_SEEDS} replicates)")
    print(f"  Outputs -> {OUTPUT_DIR}/")
    print(banner)
    print()
    print("  SUMMARY (mean [95% CI across seeds]):")
    print(f"  {'Metric':<22}{'Antepartum':<28}{'Intrapartum':<28}")
    for metric in ["AUC_ROC","AUC_PR","Brier","Sensitivity",
                   "Specificity","PPV","NPV","Unnecessary_CS_rate"]:
        row_ap = summary_ap[summary_ap.Metric == metric].iloc[0]
        row_ip = summary_ip[summary_ip.Metric == metric].iloc[0]
        s_ap = f"{row_ap['Mean']:.3f} [{row_ap['CI_2.5%']:.3f}-{row_ap['CI_97.5%']:.3f}]"
        s_ip = f"{row_ip['Mean']:.3f} [{row_ip['CI_2.5%']:.3f}-{row_ip['CI_97.5%']:.3f}]"
        print(f"  {metric:<22}{s_ap:<28}{s_ip:<28}")
    print()
    print(f"  Delta AUC (Intrapartum - Antepartum):")
    print(f"    Mean   = {delta_vals.mean():+.4f}")
    print(f"    95% CI = [{delta_lo:+.4f}, {delta_hi:+.4f}]")
    print(f"    Intrapartum outperformed Antepartum in "
          f"{pct_positive:.0f}% of the {N_SEEDS} replicates.")
    print()
    if delta_lo > 0:
        print("  -> The intrapartum advantage is STABLE: its 95% CI excludes")
        print("     zero, so 'Stage 2 predicts more strongly than Stage 1' is")
        print("     a robust finding across simulation replicates, not a")
        print("     single-seed artefact.")
    else:
        print("  -> CAUTION: the 95% CI for Delta AUC includes zero - the")
        print("     intrapartum advantage is not statistically stable across")
        print("     replicates at this sample size. Report this honestly.")
    print()

    with open(os.path.join(OUTPUT_DIR, "robustness_meta.json"), "w") as f:
        json.dump({
            "N_SEEDS": N_SEEDS, "N_PATIENTS": N_PATIENTS,
            "BASE_RANDOM_SEED": BASE_RANDOM_SEED,
            "INTERCEPT_AP": round(INTERCEPT_AP, 4),
            "INTERCEPT_IP": round(INTERCEPT_IP, 4),
            "best_params_ap": best_params_ap,
            "best_params_ip": best_params_ip,
            "delta_auc_mean": round(float(delta_vals.mean()), 4),
            "delta_auc_ci": [round(float(delta_lo), 4), round(float(delta_hi), 4)],
            "pct_replicates_ip_better": round(float(pct_positive), 1),
            "elapsed_minutes": round(elapsed / 60, 2),
        }, f, indent=2)


if __name__ == "__main__":
    main()

####################################################################################################################### 

Code 3:
"""
=============================================================================
Secondary Infertility Risk Prediction Pipeline
"From Mode of Delivery to Secondary Infertility:
 An Explainable Machine Learning Framework Linking Childbirth Experience
 to Long-Term Reproductive Outcomes"
VERSION 5.0  —  UPDATED WITH ASHERMAN / IUA / CSD FEATURES
=============================================================================

WHAT IS NEW IN v5.0:
  New features added from ناباروری.docx literature review:

  1. ASHERMAN SYNDROME / INTRAUTERINE ADHESIONS (IUA)
     - asherman_iua (binary): diagnosed or suspected IUA
       Prevalence: ~8% in postpartum women with prior D&C / PPH
       Source: Hooker et al. 2014 (Hum Reprod Update)
       OR in generative model: ~6.0 (strong impact on conception)
     - iua_severity (ordinal 0-3): none / mild / moderate / severe
       Source: AFS classification; Guo et al. 2019

  2. CAESAREAN SCAR DISORDER (CSD)
     - caesarean_scar_disorder (binary): diagnosed CSD
       Prevalence: ~4% of CS women (from Ma et al. 2025)
       Source: Ma et al. 2025 (Ann Med); network meta-analysis
       LBR RR = 0.65 (CSD vs VD) → much stronger than plain CS (RR=0.86)
       log(1/0.65) = +0.431 in outcome model

  3. INTRACAVITARY FLUID (ICF)
     - intracavitary_fluid (binary): ICF detected on ultrasound
       Prevalence: ~3% of CS women
       Source: Ma et al. 2025; LBR RR = 0.61 (ICF vs VD)

  4. D&C HISTORY
     - dnc_history (binary): prior dilatation & curettage
       OR = 2.05 for IUA development (Hooker et al. 2014)
       Contributes to SI via IUA pathway

  5. UPDATED CS COEFFICIENT
     - prev_caesarean now uses Ma et al. 2025 Bayesian network
       meta-analysis: LBR RR = 0.86 (95% CI: 0.76-0.97)
       → beta = log(1/0.86) = +0.1508  (previously +0.1542, minor update)

  INTERCEPT CALIBRATION:
    Calibrated at RUNTIME via scipy.optimize.brentq (n=500,000)
    using actual distribution parameters from Excel or defaults.
    Target SI rate = 12% (Cox et al. 2023 enriched cohort estimate)

SECONDARY INFERTILITY — SCIENTIFIC DEFINITION (WHO/ICMART 2009):
  Inability to conceive after 12 months of regular, unprotected intercourse
  in a woman who has previously conceived at least once.

OUTCOME WINDOW:
  Binary endpoint: failure to achieve live birth within 5 years of
  index delivery. (Gurunath 2011; Cox et al. 2023)

TARGET RATE: 12%
  Cox 2023 period prevalence: 4.9%; lifetime: 6.5%.
  Enriched obstetric cohort with psychosocial + clinical risk factors → 12%.
  (Gunnell 1994 UK: 15.8%; Gurunath 2011 clinical review: 10-15%)

COMPLETE COEFFICIENT TABLE (v5.0):
  Predictor                       beta      OR/RR    Source
  asherman_iua                   +1.7918   6.00     Guo 2019; Hooker 2014
  prev_infertility_risk          +1.5041   4.50     te Velde 2002
  endometriosis_dx               +1.3863   4.00     Bulletti 2010
  recurrent_miscarriage          +1.2528   3.50     Rai & Regan 2006
  birth_trauma_ptsd              +1.0986   3.00     Storksen 2013
  irregular_cycle                +1.0296   2.80     clinical consensus
  thyroid_disorder               +0.7419   2.10     Mintziori 2016
  male_factor_risk               +0.5878   1.80     Thoma 2013
  intracavitary_fluid            +0.4943   1.64     Ma 2025 (1/RR=0.61)
  pph_severe                     +0.4055   1.50     Asherman risk (PPH)
  caesarean_scar_disorder        +0.4308   1.54     Ma 2025 (1/RR=0.65)
  cesd_elevated                  +0.3365   1.40     Tun 2022
  dnc_history                    +0.2877   1.33     Hooker 2014 (IUA pathway)
  prev_caesarean                 +0.1508   1.163    Ma 2025 (1/RR=0.86)
  postpartum_depression_epds     +0.0715   1.074    Kinouchi 2026
  maternal_age_years             +0.0770   1.080    te Velde 2002
  wdeq_score                     +0.0149   1.015    Laursen 2009
  state_anxiety_stai             +0.0100   1.010    Sydsjö 2012
  doula_support                  -0.2231   0.800    Chaudhary 2025

REPRODUCIBILITY: RANDOM_SEED = 42
Run:  python si_pipeline_v5.py
Outputs -> results_infertility_v5/

REQUIREMENTS:
  pip install scikit-learn lightgbm matplotlib seaborn numpy pandas scipy shap openpyxl
=============================================================================
"""

import os
import warnings
import json
import numpy as np
import pandas as pd
import matplotlib
matplotlib.use("Agg")
import matplotlib.pyplot as plt
import seaborn as sns
from scipy import stats
from scipy.optimize import brentq

from sklearn.model_selection import (
    train_test_split, StratifiedKFold, GridSearchCV,
)
from sklearn.linear_model import LogisticRegression
from sklearn.metrics import (
    roc_auc_score, average_precision_score, classification_report,
    confusion_matrix, roc_curve, brier_score_loss,
)
from sklearn.calibration import calibration_curve, CalibratedClassifierCV
from sklearn.preprocessing import StandardScaler
from sklearn.pipeline import Pipeline

warnings.filterwarnings("ignore")

try:
    import lightgbm as lgb
    LGB_AVAILABLE = True
except ImportError:
    LGB_AVAILABLE = False
    print("  [INFO] lightgbm not installed — using LogisticRegression.")

try:
    import shap
    SHAP_AVAILABLE = True
except ImportError:
    SHAP_AVAILABLE = False
    print("  [INFO] shap not installed — skipping SHAP plots.")

# =============================================================================
# 0.  GLOBAL SETTINGS
# =============================================================================
RANDOM_SEED    = 42
N_PATIENTS     = 4000
OUTPUT_DIR     = "results_infertility_v5"
EXCEL_PATH     = "ML_Ready_Dataset_Harmonised.xlsx"
DPI            = 600
N_CALIBRATION  = 500_000
os.makedirs(OUTPUT_DIR, exist_ok=True)

SI_RATE_TARGET = 0.12

COLORS = {
    "psychosocial": "#d6604d",
    "obstetric":    "#2166ac",
    "protective":   "#4dac26",
    "clinical":     "#762a83",
    "uterine":      "#bf812d",   # NEW: uterine/structural factors
}

# =============================================================================
# 1.  COEFFICIENTS  (v5.0 — all literature-derived)
# =============================================================================
COEF_SI = {
    # ── Uterine / structural (NEW in v5) ─────────────────────────────────────
    "asherman_iua":               +1.7918,  # OR≈6.0  Guo 2019; Hooker 2014
    "iua_severity":               +0.3567,  # per unit (0-3)  Guo 2019
    "caesarean_scar_disorder":    +0.4308,  # RR=0.65→OR≈1.54  Ma 2025
    "intracavitary_fluid":        +0.4943,  # RR=0.61→OR≈1.64  Ma 2025
    "dnc_history":                +0.2877,  # OR≈1.33  Hooker 2014
    # ── Clinical gynaecological ───────────────────────────────────────────────
    "prev_infertility_risk":      +1.5041,  # OR 4.50  te Velde 2002
    "endometriosis_dx":           +1.3863,  # OR 4.00  Bulletti 2010
    "recurrent_miscarriage":      +1.2528,  # OR 3.50  Rai & Regan 2006
    "irregular_cycle":            +1.0296,  # OR 2.80  clinical consensus
    "thyroid_disorder":           +0.7419,  # OR 2.10  Mintziori 2016
    "male_factor_risk":           +0.5878,  # OR 1.80  Thoma 2013
    "pph_severe":                 +0.4055,  # OR 1.50  Asherman risk
    # ── Psychosocial / postpartum ─────────────────────────────────────────────
    "birth_trauma_ptsd":          +1.0986,  # OR 3.00  Storksen 2013
    "cesd_elevated":              +0.3365,  # OR 1.40  Tun 2022
    "postpartum_depression_epds": +0.0715,  # OR 1.074 Kinouchi 2026
    "wdeq_score":                 +0.0149,  # OR 1.015 Laursen 2009
    "state_anxiety_stai":         +0.0100,  # OR 1.010 Sydsjö 2012
    # ── Demographic / obstetric ───────────────────────────────────────────────
    "prev_caesarean":             +0.1508,  # RR=0.86→OR≈1.163  Ma 2025
    "maternal_age_years":         +0.0770,  # OR 1.080 te Velde 2002
    # ── Protective ────────────────────────────────────────────────────────────
    "doula_support":              -0.2231,  # OR 0.800 Chaudhary 2025
}

# =============================================================================
# 2.  DISPLAY NAMES
# =============================================================================
DISPLAY = {
    # New uterine/structural features
    "asherman_iua":               "Asherman Syndrome / Intrauterine Adhesions (IUA)",
    "iua_severity":               "IUA Severity (0=none, 3=severe)",
    "caesarean_scar_disorder":    "Caesarean Scar Disorder (CSD)",
    "intracavitary_fluid":        "Intracavitary Fluid (ICF) on Ultrasound",
    "dnc_history":                "Prior D&C / Uterine Instrumentation",
    # Clinical gynaecological
    "endometriosis_dx":           "Endometriosis Diagnosis",
    "prev_infertility_risk":      "Prior Subfertility History",
    "recurrent_miscarriage":      "Recurrent Miscarriage (>= 2)",
    "irregular_cycle":            "Irregular Menstrual Cycle",
    "thyroid_disorder":           "Thyroid Disorder (Hypo/Hyperthyroid)",
    "male_factor_risk":           "Male Factor Infertility Risk",
    "pph_severe":                 "Severe PPH (>= 1000 mL)",
    # Psychosocial / postpartum
    "birth_trauma_ptsd":          "Birth Trauma / PTSD Symptoms",
    "cesd_elevated":              "Elevated Depression (CES-D >= 16)",
    "postpartum_depression_epds": "Postpartum Depression (EPDS Score)",
    "wdeq_score":                 "Fear of Childbirth (W-DEQ Score)",
    "state_anxiety_stai":         "State Anxiety (STAI Score)",
    # Demographic / obstetric
    "prev_caesarean":             "Previous Caesarean Section",
    "maternal_age_years":         "Maternal Age (years)",
    "bmi_kgm2":                   "Body Mass Index (BMI, kg/m2)",
    "parity":                     "Parity (Multiparous)",
    "perineal_trauma":            "Perineal Trauma at Delivery",
    "nicu_admission":             "Neonatal ICU Admission",
    # Protective / support
    "doula_support":              "Doula / Continuous Birth Support",
    "prenatal_education":         "Prenatal Education Attendance",
    # Other psychosocial
    "sds_depression":             "Antenatal Depression (SDS Score)",
    "cbsei_score":                "Childbirth Self-Efficacy (CBSEI)",
    "p_cs_score":                 "CS Probability Score (Stage-1 Model)",
    "attempt_time_months":        "Time-to-Pregnancy Attempt (months)",
}

def dn(code):
    return DISPLAY.get(code, code)

def feat_color(f):
    uterine  = {"asherman_iua","iua_severity","caesarean_scar_disorder",
                "intracavitary_fluid","dnc_history"}
    clinical = {"endometriosis_dx","recurrent_miscarriage","irregular_cycle",
                "thyroid_disorder","male_factor_risk","pph_severe",
                "prev_infertility_risk"}
    psych    = {"birth_trauma_ptsd","cesd_elevated","postpartum_depression_epds",
                "wdeq_score","state_anxiety_stai","sds_depression","cbsei_score"}
    protect  = {"doula_support","prenatal_education"}
    if f in uterine:  return COLORS["uterine"]
    if f in clinical: return COLORS["clinical"]
    if f in psych:    return COLORS["psychosocial"]
    if f in protect:  return COLORS["protective"]
    return COLORS["obstetric"]

def _note():
    return "Proof-of-concept on synthetic data — not clinical validation"

# =============================================================================
# 3.  EXCEL PARAMETER LOADER
# =============================================================================

def load_excel_params(path):
    params = {
        "maternal_age_years":    (32.0, 5.0),
        "wdeq_score":            (54.0, 8.0),
        "state_anxiety_stai":    (55.0, 6.0),
        "sds_depression":        (52.0, 8.0),
        "cbsei_score":           (6.5,  1.8),
        "bmi_kgm2":              (25.5, 5.9),
        "epds_ppd":              (7.0,  4.0),
        "cesd_elevated_p":       0.30,
        "doula_support_p":       0.15,
        "prenatal_education_p":  0.45,
        "prev_caesarean_p":      0.25,
    }
    if not os.path.exists(path):
        print(f"  [INFO] Excel not found — using literature defaults.")
        return params
    try:
        df   = pd.read_excel(path, header=2)
        data = df.iloc[2:].reset_index(drop=True)

        def safe_stats(col):
            v = pd.to_numeric(data[col], errors="coerce").dropna()
            v = v[v > -1]
            return (float(v.mean()), float(v.std())) if len(v) >= 3 else None

        for col in ["maternal_age_years","wdeq_score","state_anxiety_stai",
                    "sds_depression","cbsei_score","bmi_kgm2"]:
            s = safe_stats(col)
            if s: params[col] = s

        for col, key in [("cesd_elevated","cesd_elevated_p"),
                         ("doula_support","doula_support_p"),
                         ("prenatal_education","prenatal_education_p"),
                         ("prev_caesarean","prev_caesarean_p")]:
            v = pd.to_numeric(data[col], errors="coerce").dropna()
            v = v[v >= 0]
            if len(v) >= 3:
                params[key] = float(v.mean())

        s = safe_stats("epds_ppd")
        if s: params["epds_ppd"] = s
        print(f"  [INFO] Parameters updated from Excel ({path}).")
    except Exception as e:
        print(f"  [WARN] Excel read failed: {e} — using defaults.")
    return params

# =============================================================================
# 4.  RUNTIME INTERCEPT CALIBRATION (brentq)
# =============================================================================

def calibrate_intercept(params: dict,
                        target: float = 0.12,
                        n_cal: int = N_CALIBRATION,
                        seed: int = RANDOM_SEED + 99) -> float:
    """
    Calibrate INTERCEPT_SI at runtime so E[P(SI)] = target,
    using the actual distribution parameters (Excel or defaults).
    Fixes the hardcoded intercept bug from v4.0.
    """
    print(f"\n  Calibrating INTERCEPT_SI (brentq, n={n_cal:,})...")
    r = np.random.default_rng(seed)

    # Psychosocial copula
    rho_p = np.array([[1.00,0.58,0.48,0.38],[0.58,1.00,0.52,0.50],
                      [0.48,0.52,1.00,0.62],[0.38,0.50,0.62,1.00]])
    Lp    = np.linalg.cholesky(rho_p)
    up    = stats.norm.cdf(r.standard_normal((n_cal,4)) @ Lp.T)
    wmu,wsd = params["wdeq_score"]
    smu,ssd = params["state_anxiety_stai"]
    emu,esd = params["epds_ppd"]
    amu,asd = params["maternal_age_years"]
    wdeq = stats.norm.ppf(up[:,0], wmu, wsd).clip(0,165)
    stai = stats.norm.ppf(up[:,1], smu, ssd).clip(20,80)
    epds = stats.norm.ppf(up[:,3], emu, esd).clip(0,30)

    # Clinical copula
    rho_c = np.array([[1.00,0.30],[0.30,1.00]])
    uc    = stats.norm.cdf(r.standard_normal((n_cal,2)) @ np.linalg.cholesky(rho_c).T)
    thyroid   = (uc[:,0] < 0.08).astype(int)
    irregular = (uc[:,1] < 0.15).astype(int)

    ptsd_prob = (1/(1+np.exp(-(epds-7.0)*0.15))).clip(0.05,0.55)
    ptsd      = (r.random(n_cal) < ptsd_prob).astype(int)
    age       = r.normal(amu, asd, n_cal).clip(18, 48)
    prev_cs   = r.binomial(1, params["prev_caesarean_p"], n_cal)
    endo      = r.binomial(1, 0.07, n_cal)
    rec_mc    = r.binomial(1, 0.05, n_cal)
    mal_f     = r.binomial(1, 0.12, n_cal)
    prev_inf  = r.binomial(1, 0.10, n_cal)
    pph       = r.binomial(1, 0.05, n_cal)
    cesd      = r.binomial(1, params["cesd_elevated_p"], n_cal)
    doula     = r.binomial(1, params["doula_support_p"],  n_cal)
    # New v5 features
    asherman  = r.binomial(1, 0.08, n_cal)   # ~8% after D&C/PPH
    iua_sev   = r.choice([0,1,2,3], n_cal, p=[0.65,0.18,0.11,0.06])
    csd       = r.binomial(1, 0.04, n_cal)
    icf       = r.binomial(1, 0.03, n_cal)
    dnc       = r.binomial(1, 0.20, n_cal)

    vals = {
        "asherman_iua":               asherman,
        "iua_severity":               iua_sev,
        "caesarean_scar_disorder":    csd,
        "intracavitary_fluid":        icf,
        "dnc_history":                dnc,
        "prev_infertility_risk":      prev_inf,
        "endometriosis_dx":           endo,
        "recurrent_miscarriage":      rec_mc,
        "irregular_cycle":            irregular,
        "thyroid_disorder":           thyroid,
        "male_factor_risk":           mal_f,
        "pph_severe":                 pph,
        "birth_trauma_ptsd":          ptsd,
        "cesd_elevated":              cesd,
        "postpartum_depression_epds": epds,
        "wdeq_score":                 wdeq,
        "state_anxiety_stai":         stai,
        "prev_caesarean":             prev_cs,
        "maternal_age_years":         age,
        "doula_support":              doula,
    }
    cov_sum = sum(COEF_SI[k] * vals[k] for k in COEF_SI)
    noise   = r.normal(0, 0.35, n_cal)

    def residual(intercept):
        return (1/(1+np.exp(-(intercept + cov_sum + noise)))).mean() - target

    intercept = brentq(residual, -25, 5, xtol=1e-4)
    verified  = (1/(1+np.exp(-(intercept+cov_sum+r.normal(0,0.35,n_cal))))).mean()
    print(f"  INTERCEPT_SI = {intercept:.4f}  |  "
          f"Verified E[P(SI)] = {verified:.4f}  (target {target:.2f})")
    return intercept

# =============================================================================
# 5.  DATA GENERATION
# =============================================================================

def _to_uniform(z):
    return stats.norm.cdf(z)

def generate_cohort(n: int, seed: int,
                    params: dict, intercept_si: float) -> pd.DataFrame:
    """
    Generate n synthetic postpartum women, 5-year follow-up for SI.
    New v5 features: asherman_iua, iua_severity, caesarean_scar_disorder,
                     intracavitary_fluid, dnc_history.
    """
    r = np.random.default_rng(seed)

    # Psychosocial copula: wdeq(0), stai(1), sds(2), epds(3)
    rho_p = np.array([[1.00,0.58,0.48,0.38],[0.58,1.00,0.52,0.50],
                      [0.48,0.52,1.00,0.62],[0.38,0.50,0.62,1.00]])
    Lp = np.linalg.cholesky(rho_p)
    up = _to_uniform(r.standard_normal((n,4)) @ Lp.T)

    wmu,wsd = params["wdeq_score"]
    smu,ssd = params["state_anxiety_stai"]
    dmu,dsd = params["sds_depression"]
    emu,esd = params["epds_ppd"]
    amu,asd = params["maternal_age_years"]
    bmu,bsd = params["bmi_kgm2"]
    cmu,csd = params["cbsei_score"]

    wdeq_all = stats.norm.ppf(up[:,0], wmu, wsd).clip(0, 165)
    stai_all = stats.norm.ppf(up[:,1], smu, ssd).clip(20, 80)
    sds_all  = stats.norm.ppf(up[:,2], dmu, dsd).clip(25, 80)
    epds_all = stats.norm.ppf(up[:,3], emu, esd).clip(0, 30)

    # Clinical copula: thyroid(0) <-> irregular(1)  r=+0.30
    rho_c = np.array([[1.00,0.30],[0.30,1.00]])
    Lc = np.linalg.cholesky(rho_c)
    uc = _to_uniform(r.standard_normal((n,2)) @ Lc.T)
    thyroid_all   = (uc[:,0] < 0.08).astype(int)
    irregular_all = (uc[:,1] < 0.15).astype(int)

    # birth_trauma_ptsd conditional on EPDS
    ptsd_prob = (1/(1+np.exp(-(epds_all-7.0)*0.15))).clip(0.05,0.55)
    ptsd_all  = (r.random(n) < ptsd_prob).astype(int)

    df = pd.DataFrame()
    df["patient_id"]          = np.arange(1, n+1)
    df["maternal_age_years"]  = r.normal(amu, asd, n).clip(18, 48)
    df["bmi_kgm2"]            = r.normal(bmu, bsd, n).clip(15, 55)
    df["parity"]              = r.binomial(1, 0.50, n)

    # Obstetric
    df["prev_caesarean"]         = r.binomial(1, params["prev_caesarean_p"], n)
    df["prev_infertility_risk"]  = r.binomial(1, 0.10, n)
    df["pph_severe"]             = r.binomial(1, 0.05, n)
    df["perineal_trauma"]        = r.binomial(1, 0.40, n)
    df["nicu_admission"]         = r.binomial(1, 0.03, n)

    # ── NEW v5: Uterine / structural features ──────────────────────────────────
    # D&C history: ~20% of postpartum women (prior miscarriage management)
    df["dnc_history"]            = r.binomial(1, 0.20, n)

    # IUA (Asherman): conditional on D&C, PPH, recurrent miscarriage
    # Base rate ~8% in women with D&C (Hooker 2014)
    # Higher if multiple D&Cs (OR=2.05) or severe PPH
    iua_base_prob = (
        0.03
        + 0.12 * df["dnc_history"].values
        + 0.15 * df["pph_severe"].values
    )
    df["asherman_iua"]           = (r.random(n) < iua_base_prob.clip(0,0.80)).astype(int)

    # IUA severity (0=none, 1=mild, 2=moderate, 3=severe) — AFS classification
    iua_sev = np.zeros(n, dtype=int)
    has_iua = df["asherman_iua"].values == 1
    iua_sev[has_iua] = r.choice([1,2,3], has_iua.sum(), p=[0.48,0.33,0.19])
    df["iua_severity"]           = iua_sev

    # CSD: ~4% of CS women (Ma et al. 2025 prevalence)
    csd_prob = np.where(df["prev_caesarean"].values == 1, 0.07, 0.005)
    df["caesarean_scar_disorder"]= (r.random(n) < csd_prob).astype(int)

    # ICF: ~3% of CS women
    icf_prob = np.where(df["caesarean_scar_disorder"].values == 1, 0.25, 0.02)
    df["intracavitary_fluid"]    = (r.random(n) < icf_prob).astype(int)

    # Clinical gynaecological
    df["endometriosis_dx"]       = r.binomial(1, 0.07, n)
    df["recurrent_miscarriage"]  = r.binomial(1, 0.05, n)
    df["thyroid_disorder"]       = thyroid_all
    df["irregular_cycle"]        = irregular_all
    df["male_factor_risk"]       = r.binomial(1, 0.12, n)

    # Psychosocial — antenatal
    df["wdeq_score"]             = wdeq_all
    df["state_anxiety_stai"]     = stai_all
    df["sds_depression"]         = sds_all
    df["cbsei_score"]            = r.normal(cmu, csd, n).clip(1, 10)
    df["cesd_elevated"]          = (r.random(n)
                                    < params["cesd_elevated_p"]).astype(int)

    # Psychosocial — postpartum
    df["postpartum_depression_epds"] = epds_all
    df["birth_trauma_ptsd"]      = ptsd_all

    # Support & education
    df["doula_support"]          = (r.random(n)
                                    < params["doula_support_p"]).astype(int)
    df["prenatal_education"]     = (r.random(n)
                                    < params["prenatal_education_p"]).astype(int)

    # Time to attempt
    df["attempt_time_months"]    = r.exponential(scale=10.0, size=n).clip(1, 60)

    # CS probability score (biopsychosocial proxy from Stage-1)
    logit_cs = (-1.85
                + 1.386 * df["prev_caesarean"].values
                + 0.022 * wdeq_all
                + 0.046 * df["bmi_kgm2"].values
                + 0.336 * df["cesd_elevated"].values
                - 0.511 * df["doula_support"].values
                + r.normal(0, 0.3, n))
    df["p_cs_score"]             = 1 / (1 + np.exp(-logit_cs))

    # ── Outcome (calibrated intercept) ────────────────────────────────────────
    log_odds = np.full(n, intercept_si)
    for var, coef in COEF_SI.items():
        log_odds += coef * df[var].values
    log_odds += r.normal(0, 0.35, n)
    prob_si = 1 / (1 + np.exp(-log_odds))
    df["secondary_infertility_5yrs"] = (r.random(n) < prob_si).astype(int)
    return df

# =============================================================================
# 6.  FEATURE LIST  (29 features — includes 5 new v5 features)
# =============================================================================
FEATURES = [
    # ── Uterine / structural (NEW v5) ─────────────────────────────────────────
    "asherman_iua",
    "iua_severity",
    "caesarean_scar_disorder",
    "intracavitary_fluid",
    "dnc_history",
    # ── Clinical gynaecological ───────────────────────────────────────────────
    "endometriosis_dx",
    "recurrent_miscarriage",
    "thyroid_disorder",
    "irregular_cycle",
    "male_factor_risk",
    # ── Demographics & obstetric ──────────────────────────────────────────────
    "maternal_age_years",
    "bmi_kgm2",
    "parity",
    "prev_caesarean",
    "prev_infertility_risk",
    "perineal_trauma",
    "pph_severe",
    "nicu_admission",
    # ── Psychosocial — antenatal ──────────────────────────────────────────────
    "wdeq_score",
    "state_anxiety_stai",
    "sds_depression",
    "cbsei_score",
    "cesd_elevated",
    # ── Psychosocial — postpartum ─────────────────────────────────────────────
    "postpartum_depression_epds",
    "birth_trauma_ptsd",
    # ── Support & education ───────────────────────────────────────────────────
    "doula_support",
    "prenatal_education",
    # ── Composite CS risk score ───────────────────────────────────────────────
    "p_cs_score",
    # ── Time ──────────────────────────────────────────────────────────────────
    "attempt_time_months",
]   # 29 features

TARGET = "secondary_infertility_5yrs"

# =============================================================================
# 7.  MODEL TRAINING
# =============================================================================

def train_lightgbm(X_train, y_train):
    print("\n  Training LightGBM (5-fold StratifiedKFold GridSearchCV)...")
    pos_w = (y_train==0).sum() / max((y_train==1).sum(), 1)
    sw    = np.where(y_train==1, pos_w, 1.0)
    pg    = {
        "n_estimators":      [300, 500, 700],
        "max_depth":         [3, 4, 5],
        "learning_rate":     [0.03, 0.05, 0.10],
        "subsample":         [0.7, 0.8],
        "min_child_samples": [10, 15],
        "reg_alpha":         [0.0, 0.05, 0.10],
        "reg_lambda":        [0.0, 0.10],
    }
    cv = StratifiedKFold(n_splits=5, shuffle=True, random_state=RANDOM_SEED)
    gs = GridSearchCV(
        lgb.LGBMClassifier(class_weight="balanced",
                           random_state=RANDOM_SEED, verbose=-1),
        pg, scoring="roc_auc", cv=cv, n_jobs=-1, refit=True, verbose=0,
    )
    gs.fit(X_train, y_train, sample_weight=sw)
    print(f"  Best params : {gs.best_params_}")
    print(f"  CV AUC-ROC  : {gs.best_score_:.4f}")
    cal = CalibratedClassifierCV(gs.best_estimator_, cv=5, method="isotonic")
    cal.fit(X_train, y_train)
    print(f"  Isotonic calibration applied.")
    return cal

def train_logistic(X_train, y_train):
    print("\n  Training Logistic Regression (L2, balanced)...")
    pipe = Pipeline([
        ("scaler", StandardScaler()),
        ("lr", LogisticRegression(class_weight="balanced", max_iter=2000,
                                  random_state=RANDOM_SEED, C=1.0)),
    ])
    pipe.fit(X_train, y_train)
    return pipe

# =============================================================================
# 8.  EVALUATION
# =============================================================================

def youden_threshold(fpr, tpr, thr_arr):
    return float(thr_arr[np.argmax(tpr - fpr)])

def evaluate(model, X_test, y_test, label="SI Model", results_store=None):
    prob = model.predict_proba(X_test)[:,1]
    fpr, tpr, thr_arr = roc_curve(y_test, prob)
    auc_roc = roc_auc_score(y_test, prob)
    auc_pr  = average_precision_score(y_test, prob)
    brier   = brier_score_loss(y_test, prob)
    thr     = youden_threshold(fpr, tpr, thr_arr)
    pred    = (prob >= thr).astype(int)
    tn,fp,fn,tp = confusion_matrix(y_test, pred, labels=[0,1]).ravel()
    sens = tp/(tp+fn) if (tp+fn)>0 else 0
    spec = tn/(tn+fp) if (tn+fp)>0 else 0
    ppv  = tp/(tp+fp) if (tp+fp)>0 else 0
    npv  = tn/(tn+fn) if (tn+fn)>0 else 0

    print(f"\n{'='*66}")
    print(f"  {label}")
    print(f"  [PROOF-OF-CONCEPT — SYNTHETIC DATA — NOT CLINICAL VALIDATION]")
    print(f"{'='*66}")
    print(f"  n (test)      : {len(y_test)}")
    print(f"  Observed SI   : {y_test.mean():.3f}  (target {SI_RATE_TARGET:.2f})")
    print(f"  AUC-ROC       : {auc_roc:.4f}")
    print(f"  AUC-PR        : {auc_pr:.4f}")
    print(f"  Brier Score   : {brier:.4f}")
    print(f"  Threshold (J) : {thr:.3f}")
    print(f"  Sensitivity   : {sens:.3f}")
    print(f"  Specificity   : {spec:.3f}")
    print(f"  PPV           : {ppv:.3f}")
    print(f"  NPV           : {npv:.3f}")
    print(classification_report(y_test, pred,
          target_names=["No SI","Secondary Infertility"]))
    if results_store is not None:
        results_store[label] = dict(
            n_test=int(len(y_test)),
            SI_rate_observed=round(float(y_test.mean()),3),
            SI_rate_target=SI_RATE_TARGET,
            AUC_ROC=round(auc_roc,4), AUC_PR=round(auc_pr,4),
            Brier=round(brier,4), Threshold_Youden=round(thr,4),
            Sensitivity=round(sens,3), Specificity=round(spec,3),
            PPV=round(ppv,3), NPV=round(npv,3),
            TP=int(tp),FP=int(fp),FN=int(fn),TN=int(tn),
        )
    return thr, prob, fpr, tpr

# =============================================================================
# 9.  SHAP ANALYSIS
# =============================================================================

def compute_shap(model, X_train, X_test, out_dir):
    if not SHAP_AVAILABLE:
        print("  SHAP not available — skipping.")
        return None
    print("\n  Computing SHAP values (TreeExplainer)...")
    display_cols = [dn(c) for c in X_test.columns]
    X_display    = X_test.copy()
    X_display.columns = display_cols

    try:
        base = model.calibrated_classifiers_[0].estimator
        explainer   = shap.TreeExplainer(base)
        shap_values = explainer.shap_values(X_test)
        if isinstance(shap_values, list): shap_values = shap_values[1]
    except Exception:
        try:
            explainer   = shap.TreeExplainer(model)
            shap_values = explainer.shap_values(X_test)
            if isinstance(shap_values, list): shap_values = shap_values[1]
        except Exception as e:
            print(f"  [WARN] SHAP failed: {e}")
            return None

    n_f = len(display_cols)

    # 1. Beeswarm
    fig = plt.figure(figsize=(14, max(10, n_f*0.55)))
    shap.summary_plot(shap_values, X_display, show=False,
                      plot_type="dot", max_display=n_f,
                      color_bar_label="Feature Value")
    plt.title(f"SHAP Beeswarm — Secondary Infertility Risk Model v5.0\n{_note()}",
              fontsize=11)
    plt.tick_params(axis="y", labelsize=9)
    plt.tight_layout()
    fp = os.path.join(out_dir,"si_shap_beeswarm.png")
    plt.savefig(fp, dpi=DPI, bbox_inches="tight"); plt.close()
    print(f"  Saved: {fp}")

    # 2. Bar chart
    mean_abs = np.abs(shap_values).mean(axis=0)
    imp_df   = pd.DataFrame({
        "feature_code":    list(X_test.columns),
        "feature_display": display_cols,
        "mean_abs_shap":   mean_abs,
    }).sort_values("mean_abs_shap", ascending=False).reset_index(drop=True)
    imp_df["rank"] = imp_df.index + 1

    imp_s   = imp_df.sort_values("mean_abs_shap")
    col_bar = [feat_color(f) for f in imp_s["feature_code"]]

    fig, ax = plt.subplots(figsize=(14, max(10, n_f*0.55)))
    ax.barh(imp_s["feature_display"], imp_s["mean_abs_shap"],
            color=col_bar, edgecolor="white", linewidth=0.3)
    ax.axvline(0, color="black", lw=0.8)
    ax.set_xlabel("Mean |SHAP Value|  (impact on secondary infertility risk)",
                  fontsize=12)
    ax.set_title(
        f"SHAP Feature Importance — Secondary Infertility Risk Model v5.0\n{_note()}",
        fontsize=11)
    ax.tick_params(axis="y", labelsize=9)
    from matplotlib.patches import Patch
    ax.legend(handles=[
        Patch(color=COLORS["uterine"],      label="Uterine / structural (IUA, CSD, ICF)  [NEW v5]"),
        Patch(color=COLORS["clinical"],     label="Clinical gynaecological"),
        Patch(color=COLORS["psychosocial"], label="Psychosocial / postpartum"),
        Patch(color=COLORS["obstetric"],    label="Obstetric / demographic"),
        Patch(color=COLORS["protective"],   label="Protective / support"),
    ], fontsize=9, loc="lower right")
    ax.grid(axis="x", alpha=0.3)
    plt.tight_layout()
    fp = os.path.join(out_dir,"si_shap_bar.png")
    plt.savefig(fp, dpi=DPI, bbox_inches="tight"); plt.close()
    print(f"  Saved: {fp}")

    # 3. Waterfall
    prob_all    = model.predict_proba(X_test)[:,1]
    high_risk_i = int(np.argmax(prob_all))
    try:
        base_val = explainer.expected_value
        if isinstance(base_val, (list, np.ndarray)): base_val = base_val[1]
        exp_obj = shap.Explanation(
            values        = shap_values[high_risk_i],
            base_values   = base_val,
            data          = X_test.iloc[high_risk_i].values,
            feature_names = display_cols,
        )
        plt.figure(figsize=(13, max(10, n_f*0.50)))
        shap.plots.waterfall(exp_obj, show=False, max_display=n_f)
        plt.title(
            f"SHAP Waterfall — Highest-Risk Patient  "
            f"(predicted SI = {prob_all[high_risk_i]:.2f})\n{_note()}", fontsize=10)
        plt.tight_layout()
        fp = os.path.join(out_dir,"si_shap_waterfall.png")
        plt.savefig(fp, dpi=DPI, bbox_inches="tight"); plt.close()
        print(f"  Saved: {fp}")
    except Exception as e:
        print(f"  [WARN] Waterfall failed: {e}")

    # 4. Psychosocial dependence plots
    psych_feats = [f for f in [
        "wdeq_score","state_anxiety_stai","postpartum_depression_epds",
        "birth_trauma_ptsd","cbsei_score",
    ] if f in X_test.columns]
    if psych_feats:
        n_p = len(psych_feats)
        fig, axes = plt.subplots(1,n_p,figsize=(5*n_p,5),squeeze=False)
        for ai,feat in enumerate(psych_feats):
            fi = list(X_test.columns).index(feat)
            shap.dependence_plot(fi,shap_values,X_display,
                                 feature_names=display_cols,ax=axes[0][ai],show=False)
            axes[0][ai].set_title(dn(feat),fontsize=9)
        fig.suptitle(f"SHAP Dependence — Psychosocial Features | {_note()}", fontsize=9)
        plt.tight_layout()
        fp = os.path.join(out_dir,"si_shap_dependence_psychosocial.png")
        plt.savefig(fp, dpi=DPI, bbox_inches="tight"); plt.close()
        print(f"  Saved: {fp}")

    # 5. Uterine/structural dependence plots (NEW v5)
    uterine_feats = [f for f in [
        "asherman_iua","iua_severity","caesarean_scar_disorder",
        "intracavitary_fluid","dnc_history",
    ] if f in X_test.columns]
    if uterine_feats:
        n_u = len(uterine_feats)
        fig, axes = plt.subplots(1,n_u,figsize=(5*n_u,5),squeeze=False)
        for ai,feat in enumerate(uterine_feats):
            fi = list(X_test.columns).index(feat)
            shap.dependence_plot(fi,shap_values,X_display,
                                 feature_names=display_cols,ax=axes[0][ai],show=False)
            axes[0][ai].set_title(dn(feat),fontsize=8)
        fig.suptitle(
            f"SHAP Dependence — Uterine/Structural Features (NEW v5) | {_note()}",
            fontsize=9)
        plt.tight_layout()
        fp = os.path.join(out_dir,"si_shap_dependence_uterine.png")
        plt.savefig(fp, dpi=DPI, bbox_inches="tight"); plt.close()
        print(f"  Saved: {fp}")

    # 6. Clinical dependence plots
    clin_feats = [f for f in [
        "endometriosis_dx","recurrent_miscarriage","thyroid_disorder",
        "irregular_cycle","male_factor_risk",
    ] if f in X_test.columns]
    if clin_feats:
        n_c = len(clin_feats)
        fig, axes = plt.subplots(1,n_c,figsize=(5*n_c,5),squeeze=False)
        for ai,feat in enumerate(clin_feats):
            fi = list(X_test.columns).index(feat)
            shap.dependence_plot(fi,shap_values,X_display,
                                 feature_names=display_cols,ax=axes[0][ai],show=False)
            axes[0][ai].set_title(dn(feat),fontsize=9)
        fig.suptitle(
            f"SHAP Dependence — Clinical Gynaecological Features | {_note()}",
            fontsize=9)
        plt.tight_layout()
        fp = os.path.join(out_dir,"si_shap_dependence_clinical.png")
        plt.savefig(fp, dpi=DPI, bbox_inches="tight"); plt.close()
        print(f"  Saved: {fp}")

    pd.DataFrame(shap_values, columns=display_cols).to_csv(
        os.path.join(out_dir,"si_shap_values.csv"), index=False)
    return imp_df

# =============================================================================
# 10.  SENSITIVITY ANALYSIS (one-way ±30%)
# =============================================================================

def sensitivity_analysis(df_train, df_test, intercept_si, out_dir):
    print("\n  Running sensitivity analysis (±30% per coefficient)...")
    results_sa = []
    X_tr_arr = df_train[FEATURES].values
    X_te_arr = df_test[FEATURES].values

    for var in list(COEF_SI.keys()):
        var_idx = FEATURES.index(var) if var in FEATURES else None
        if var_idx is None: continue

        for direction, mult in [("Low (−30%)", 0.70), ("High (+30%)", 1.30)]:
            rng_sa = np.random.default_rng(RANDOM_SEED + abs(hash(var)) % 1000)
            coef_p = {k: v for k,v in COEF_SI.items()}
            coef_p[var] *= mult

            def re_label(X_arr):
                lo = np.full(len(X_arr), intercept_si)
                for k, c in coef_p.items():
                    ki = FEATURES.index(k) if k in FEATURES else None
                    if ki is not None: lo += c * X_arr[:,ki]
                lo += rng_sa.normal(0, 0.35, len(X_arr))
                return (rng_sa.random(len(X_arr)) < 1/(1+np.exp(-lo))).astype(int)

            y_tr_p = re_label(X_tr_arr)
            y_te_p = re_label(X_te_arr)
            if len(np.unique(y_te_p)) < 2 or len(np.unique(y_tr_p)) < 2:
                continue

            pos_w_p = (y_tr_p==0).sum() / max((y_tr_p==1).sum(),1)
            sw_p    = np.where(y_tr_p==1, pos_w_p, 1.0)

            if LGB_AVAILABLE:
                m_sa = lgb.LGBMClassifier(n_estimators=300, max_depth=4,
                                           learning_rate=0.05,
                                           class_weight="balanced",
                                           random_state=RANDOM_SEED, verbose=-1)
                m_sa.fit(df_train[FEATURES], y_tr_p, sample_weight=sw_p)
            else:
                m_sa = Pipeline([("sc",StandardScaler()),
                                  ("lr",LogisticRegression(
                                      class_weight="balanced",
                                      random_state=RANDOM_SEED, max_iter=500))])
                m_sa.fit(df_train[FEATURES], y_tr_p)

            prob_sa = m_sa.predict_proba(df_test[FEATURES])[:,1]
            if len(np.unique(y_te_p)) < 2: continue
            auc_sa = roc_auc_score(y_te_p, prob_sa)
            results_sa.append({"Predictor":dn(var),"Direction":direction,
                                "AUC_ROC":round(auc_sa,4)})

    sa_df = pd.DataFrame(results_sa)
    if sa_df.empty:
        print("  [WARN] No sensitivity results produced.")
        return sa_df

    sa_df.to_csv(os.path.join(out_dir,"si_sensitivity_analysis.csv"), index=False)

    try:
        pivot = sa_df.pivot(index="Predictor", columns="Direction",
                            values="AUC_ROC").dropna()
        lo_col, hi_col = "Low (−30%)", "High (+30%)"
        if lo_col in pivot.columns and hi_col in pivot.columns:
            pivot["range"] = pivot[hi_col] - pivot[lo_col]
            pivot = pivot.sort_values("range")
            fig, ax = plt.subplots(figsize=(11, max(6, len(pivot)*0.55)))
            for i,(idx,row) in enumerate(pivot.iterrows()):
                ax.barh(i, row[hi_col]-row[lo_col], left=row[lo_col],
                        color="#762a83", alpha=0.75, edgecolor="white")
            ax.set_yticks(list(range(len(pivot))))
            ax.set_yticklabels(pivot.index, fontsize=9)
            ax.set_xlabel("AUC-ROC  (coefficient varied ±30%)", fontsize=11)
            ax.set_title(
                f"Sensitivity Analysis — Coefficient Uncertainty\n{_note()}", fontsize=10)
            ax.grid(axis="x", alpha=0.3)
            plt.tight_layout()
            fp = os.path.join(out_dir,"si_sensitivity_tornado.png")
            fig.savefig(fp, dpi=DPI, bbox_inches="tight"); plt.close(fig)
            print(f"  Saved: {fp}")
    except Exception as e:
        print(f"  [WARN] Tornado plot failed: {e}")
    return sa_df

# =============================================================================
# 11.  FIGURES
# =============================================================================

def plot_si_rate_validation(df, obs_rate, out_dir):
    fig, ax = plt.subplots(figsize=(7,4))
    bars = ax.bar(
        ["Observed\n(simulated)", f"Target\n{SI_RATE_TARGET:.0%}",
         "Cox 2023\nperiod 4.9%", "Cox 2023\nlifetime 6.5%"],
        [obs_rate, SI_RATE_TARGET, 0.049, 0.065],
        color=[COLORS["psychosocial"],"grey","#92c5de","#4393c3"],
        alpha=0.85, width=0.55,
    )
    ax.bar_label(bars, fmt="%.3f", padding=3, fontsize=10)
    ax.set_ylim(0, 0.22)
    ax.set_ylabel("Secondary Infertility Rate\n(12-month WHO definition)", fontsize=10)
    ax.set_title(
        f"SI Rate Calibration vs Literature\nCox et al. 2023  |  {_note()}", fontsize=9)
    ax.grid(axis="y", alpha=0.3)
    plt.tight_layout()
    fp = os.path.join(out_dir,"si_rate_validation.png")
    fig.savefig(fp, dpi=DPI); plt.close(fig)
    print(f"  Saved: {fp}")

def plot_roc(fpr, tpr, auc, out_dir):
    fig, ax = plt.subplots(figsize=(7,6))
    ax.plot(fpr, tpr, lw=2, color=COLORS["psychosocial"],
            label=f"SI Risk Model v5.0  (AUC = {auc:.3f})")
    ax.fill_between(fpr, tpr, alpha=0.08, color=COLORS["psychosocial"])
    ax.plot([0,1],[0,1],"k--",lw=1,label="Random (AUC=0.50)")
    ax.set_xlabel("False Positive Rate  (1 - Specificity)", fontsize=12)
    ax.set_ylabel("True Positive Rate  (Sensitivity)", fontsize=12)
    ax.set_title(f"ROC Curve — Secondary Infertility Risk Model v5.0\n{_note()}", fontsize=10)
    ax.legend(fontsize=10); ax.grid(alpha=0.3)
    plt.tight_layout()
    fp = os.path.join(out_dir,"si_roc_curve.png")
    fig.savefig(fp, dpi=DPI); plt.close(fig)
    print(f"  Saved: {fp}")

def plot_calibration(prob, y_test, out_dir):
    frac, mean = calibration_curve(y_test, prob, n_bins=10, strategy="quantile")
    b = brier_score_loss(y_test, prob)
    fig, ax = plt.subplots(figsize=(7,6))
    ax.plot([0,1],[0,1],"k--",lw=1,label="Perfect calibration")
    ax.plot(mean, frac,"s-",lw=2,color=COLORS["psychosocial"],
            label=f"SI Model (calibrated; Brier = {b:.3f})", markersize=6)
    ax.set_xlabel("Mean Predicted Probability", fontsize=12)
    ax.set_ylabel("Fraction of Positives  (Observed SI Rate)", fontsize=12)
    ax.set_title(f"Calibration Reliability Diagram\n{_note()}", fontsize=10)
    ax.legend(fontsize=10); ax.grid(alpha=0.3)
    plt.tight_layout()
    fp = os.path.join(out_dir,"si_calibration.png")
    fig.savefig(fp, dpi=DPI); plt.close(fig)
    print(f"  Saved: {fp}")

def plot_confusion(tn, fp_v, fn, tp, out_dir):
    fig, ax = plt.subplots(figsize=(5.5,4.5))
    sns.heatmap(np.array([[tn,fp_v],[fn,tp]]),
                annot=True, fmt="d", cmap="Reds",
                xticklabels=["Predicted No SI","Predicted SI"],
                yticklabels=["Actual No SI","Actual SI"],
                ax=ax, linewidths=0.5, annot_kws={"size":14})
    ax.set_title(f"Confusion Matrix — Secondary Infertility Model\n{_note()}", fontsize=9)
    plt.tight_layout()
    fp = os.path.join(out_dir,"si_confusion_matrix.png")
    fig.savefig(fp, dpi=DPI); plt.close(fig)
    print(f"  Saved: {fp}")

def plot_threshold(prob, y_test, out_dir):
    thresholds = np.linspace(0.04, 0.60, 300)
    sens_l,spec_l,ppv_l,f1_l = [],[],[],[]
    for t in thresholds:
        pred = (prob>=t).astype(int)
        tn_,fp_,fn_,tp_ = confusion_matrix(y_test,pred,labels=[0,1]).ravel()
        s  = tp_/(tp_+fn_) if (tp_+fn_)>0 else 0
        sp = tn_/(tn_+fp_) if (tn_+fp_)>0 else 0
        p  = tp_/(tp_+fp_) if (tp_+fp_)>0 else 0
        f1 = 2*s*p/(s+p)   if (s+p)>0    else 0
        sens_l.append(s); spec_l.append(sp); ppv_l.append(p); f1_l.append(f1)
    fpr_,tpr_,thr_ = roc_curve(y_test,prob)
    yt = youden_threshold(fpr_,tpr_,thr_)
    fig, ax = plt.subplots(figsize=(10,5))
    ax.plot(thresholds,sens_l,color=COLORS["psychosocial"],lw=2,label="Sensitivity")
    ax.plot(thresholds,spec_l,color=COLORS["obstetric"],lw=2,label="Specificity")
    ax.plot(thresholds,ppv_l, color=COLORS["protective"],lw=2,ls="--",label="PPV")
    ax.plot(thresholds,f1_l,  color=COLORS["clinical"],  lw=2,ls=":",label="F1 Score")
    ax.axvline(yt,color="black",ls=":",lw=1.5,label=f"Youden J = {yt:.3f}")
    ax.set_xlabel("Decision Threshold",fontsize=12)
    ax.set_ylabel("Rate / Score",fontsize=12)
    ax.set_title(f"Threshold Sensitivity — Secondary Infertility Model\n{_note()}",fontsize=10)
    ax.legend(fontsize=10); ax.grid(alpha=0.3)
    plt.tight_layout()
    fp = os.path.join(out_dir,"si_threshold_sensitivity.png")
    fig.savefig(fp,dpi=DPI); plt.close(fig)
    print(f"  Saved: {fp}")

def plot_subgroup_auc(model, X_test, y_test, df_test, out_dir):
    prob = model.predict_proba(X_test)[:,1]
    subgroups = {
        # NEW v5 subgroups
        "Asherman Syndrome / IUA":                df_test["asherman_iua"]==1,
        "Caesarean Scar Disorder (CSD)":          df_test["caesarean_scar_disorder"]==1,
        "Prior D&C History":                      df_test["dnc_history"]==1,
        # Existing
        "Birth Trauma / PTSD":                    df_test["birth_trauma_ptsd"]==1,
        "Endometriosis Diagnosis":                df_test["endometriosis_dx"]==1,
        "Recurrent Miscarriage (>=2)":            df_test["recurrent_miscarriage"]==1,
        "Thyroid Disorder":                       df_test["thyroid_disorder"]==1,
        "Prior Subfertility History":             df_test["prev_infertility_risk"]==1,
        "Previous Caesarean Section":             df_test["prev_caesarean"]==1,
        "High Fear of Childbirth (W-DEQ >= 60)":  df_test["wdeq_score"]>=60,
        "High EPDS (>= 10)":                      df_test["postpartum_depression_epds"]>=10,
        "High State Anxiety (STAI >= 60)":        df_test["state_anxiety_stai"]>=60,
        "Elevated Depression (CES-D +)":          df_test["cesd_elevated"]==1,
        "Maternal Age >= 35":                     df_test["maternal_age_years"]>=35,
        "Severe PPH (>= 1000 mL)":               df_test["pph_severe"]==1,
        "No Doula Support":                       df_test["doula_support"]==0,
    }
    recs = []
    for name, mask in subgroups.items():
        idx = mask.reset_index(drop=True)
        idx = idx[idx].index.tolist()
        if len(idx)<20 or y_test.iloc[idx].nunique()<2: continue
        auc  = roc_auc_score(y_test.iloc[idx], prob[idx])
        si_r = y_test.iloc[idx].mean()
        recs.append({"Subgroup":name,"n":len(idx),
                     "AUC":round(auc,3),"SI_rate":round(si_r,3)})
    sub_df = pd.DataFrame(recs)
    sub_df.to_csv(os.path.join(out_dir,"si_subgroup_auc.csv"),index=False)
    print(f"\n  Subgroup AUC:\n{sub_df.to_string(index=False)}")
    if sub_df.empty: return sub_df

    colors_sg = []
    for s in sub_df["Subgroup"]:
        if any(k in s for k in ["Asherman","CSD","D&C","Intracavitary"]):
            colors_sg.append(COLORS["uterine"])
        elif any(k in s for k in ["Endometriosis","Miscarriage","Thyroid","PPH"]):
            colors_sg.append(COLORS["clinical"])
        elif any(k in s for k in ["Trauma","Fear","Depression","Anxiety","CES","EPDS"]):
            colors_sg.append(COLORS["psychosocial"])
        else:
            colors_sg.append(COLORS["obstetric"])

    fig, ax = plt.subplots(figsize=(10, max(5, len(sub_df)*0.65)))
    ax.barh(sub_df["Subgroup"],sub_df["AUC"],color=colors_sg,edgecolor="grey",alpha=0.85)
    ax.axvline(0.5,color="red",ls="--",lw=1,label="Random (AUC=0.50)")
    for i,row in sub_df.iterrows():
        ax.text(row["AUC"]+0.005,i,f"n={row['n']}, SI={row['SI_rate']:.2f}",
                va="center",fontsize=7)
    ax.set_xlabel("AUC-ROC",fontsize=12)
    ax.set_title(
        f"Subgroup AUC — Secondary Infertility Risk Model v5.0\n"
        f"Brown = uterine/structural [NEW]  |  {_note()}",fontsize=9)
    ax.set_xlim(0.40,1.10); ax.legend(fontsize=9); ax.grid(axis="x",alpha=0.3)
    plt.tight_layout()
    fp = os.path.join(out_dir,"si_subgroup_auc.png")
    fig.savefig(fp,dpi=DPI); plt.close(fig)
    print(f"  Saved: {fp}")
    return sub_df

def plot_risk_distribution(prob, y_test, out_dir):
    fig, ax = plt.subplots(figsize=(9,5))
    for label, color, mask in [
        ("No Secondary Infertility", COLORS["obstetric"],    y_test==0),
        ("Secondary Infertility",    COLORS["psychosocial"], y_test==1),
    ]:
        ax.hist(prob[mask.values],bins=50,alpha=0.65,color=color,
                label=f"{label} (n={mask.sum()})",density=True)
    ax.set_xlabel("Predicted SI Risk Score  [0-1]",fontsize=12)
    ax.set_ylabel("Density",fontsize=12)
    ax.set_title(f"Predicted Risk Score Distribution\n{_note()}",fontsize=10)
    ax.legend(fontsize=10); ax.grid(alpha=0.3)
    plt.tight_layout()
    fp = os.path.join(out_dir,"si_risk_distribution.png")
    fig.savefig(fp,dpi=DPI); plt.close(fig)
    print(f"  Saved: {fp}")

def plot_coefficient_forest(intercept_si, out_dir):
    """Forest plot — v5.0 includes uterine/structural features (NEW)."""
    data = [
        # NEW v5 uterine features (brown)
        ("Asherman / IUA",              6.00,  3.50, 10.50, COLORS["uterine"]),
        ("IUA Severity (per unit)",     1.43,  1.10,  1.85, COLORS["uterine"]),
        ("Caesarean Scar Disorder",     1.54,  1.20,  2.00, COLORS["uterine"]),
        ("Intracavitary Fluid (ICF)",   1.64,  1.20,  2.25, COLORS["uterine"]),
        ("Prior D&C History",           1.33,  1.10,  1.62, COLORS["uterine"]),
        # Clinical gynaecological
        ("Prior Subfertility History",  4.50,  2.80,  7.20, COLORS["clinical"]),
        ("Endometriosis Diagnosis",     4.00,  2.50,  6.40, COLORS["clinical"]),
        ("Recurrent Miscarriage (>=2)", 3.50,  2.10,  5.80, COLORS["clinical"]),
        ("Irregular Menstrual Cycle",   2.80,  1.80,  4.40, COLORS["clinical"]),
        ("Thyroid Disorder",            2.10,  1.40,  3.20, COLORS["clinical"]),
        ("Male Factor Infertility",     1.80,  1.20,  2.70, COLORS["clinical"]),
        ("Severe PPH (>= 1000 mL)",    1.50,  1.10,  2.10, COLORS["clinical"]),
        # Psychosocial
        ("Birth Trauma / PTSD",         3.00,  1.80,  5.00, COLORS["psychosocial"]),
        ("Elevated Depression (CES-D)", 1.40,  1.05,  1.85, COLORS["psychosocial"]),
        ("EPDS Score (per point)",      1.074, 1.02,  1.13, COLORS["psychosocial"]),
        ("Fear of Childbirth (per pt)", 1.015, 1.005, 1.025,COLORS["psychosocial"]),
        ("State Anxiety (per pt)",      1.010, 1.002, 1.018,COLORS["psychosocial"]),
        # Obstetric / demographic
        ("Previous Caesarean Section",  1.163, 1.04,  1.31, COLORS["obstetric"]),
        ("Maternal Age (per year)",     1.08,  1.05,  1.12, COLORS["obstetric"]),
        # Protective
        ("Doula Support (protective)",  0.800, 0.65,  0.98, COLORS["protective"]),
    ]
    names = [d[0] for d in data]; ors=[d[1] for d in data]
    ci_lo=[d[2] for d in data];   ci_hi=[d[3] for d in data]
    colors_f=[d[4] for d in data]
    fig, ax = plt.subplots(figsize=(13, max(9, len(data)*0.55)))
    for i,(name,OR,lo,hi,col) in enumerate(zip(names,ors,ci_lo,ci_hi,colors_f)):
        ax.plot([lo,hi],[i,i],color=col,lw=2.5)
        ax.plot(OR,i,"o",color=col,markersize=9)
        ax.text(hi+0.05,i,f"OR={OR:.3f}",va="center",fontsize=8)
    ax.axvline(1.0,color="black",ls="--",lw=1.2,label="OR=1.0 (null)")
    ax.set_yticks(range(len(names)))
    ax.set_yticklabels(names,fontsize=9)
    ax.set_xlabel("Odds Ratio  (approx. 95% CI)",fontsize=11)
    ax.set_title(
        "Forest Plot — Literature-Derived Coefficients v5.0\n"
        "Brown = NEW uterine/structural features (Hooker 2014; Ma 2025; Guo 2019)\n"
        "Sources: Cox 2023; Bulletti 2010; Rai 2006; Mintziori 2016;\n"
        f"Storksen 2013; Laursen 2009; te Velde 2002; Chaudhary 2025\n"
        f"{_note()}", fontsize=9)
    from matplotlib.patches import Patch
    ax.legend(handles=[
        Patch(color=COLORS["uterine"],      label="Uterine/structural [NEW v5]"),
        Patch(color=COLORS["clinical"],     label="Clinical gynaecological"),
        Patch(color=COLORS["psychosocial"], label="Psychosocial/postpartum"),
        Patch(color=COLORS["obstetric"],    label="Obstetric/demographic"),
        Patch(color=COLORS["protective"],   label="Protective"),
        Patch(color="black",ls="--",label="OR=1.0 (null)"),
    ], fontsize=8, loc="lower right")
    ax.grid(axis="x",alpha=0.3)
    plt.tight_layout()
    fp = os.path.join(out_dir,"si_forest_plot_coefficients.png")
    fig.savefig(fp,dpi=DPI); plt.close(fig)
    print(f"  Saved: {fp}")

# =============================================================================
# 12.  MAIN
# =============================================================================

def main():
    banner = "="*72
    model_name = ("LightGBM (isotonic-calibrated)" if LGB_AVAILABLE
                  else "Logistic Regression")
    print(banner)
    print("  SECONDARY INFERTILITY RISK PIPELINE  v5.0")
    print(f"  n={N_PATIENTS} | target SI={SI_RATE_TARGET:.0%} | "
          f"model={model_name} | seed={RANDOM_SEED} | dpi={DPI}")
    print(f"  SI: WHO/ICMART 2009 — 12-month, 5-year follow-up")
    print(f"  NEW in v5: Asherman/IUA, Caesarean Scar Disorder, ICF, D&C history")
    print(f"             Runtime intercept calibration (brentq)")
    print("  PROOF-OF-CONCEPT ON SYNTHETIC DATA — NOT CLINICAL VALIDATION")
    print(banner)

    # 1. Parameters
    print(f"\n[1] Loading distribution parameters...")
    params = load_excel_params(EXCEL_PATH)

    # 2. Calibrate intercept
    intercept_si = calibrate_intercept(params, target=SI_RATE_TARGET,
                                       n_cal=N_CALIBRATION, seed=RANDOM_SEED+99)

    # 3. Generate dataset
    print(f"\n[2] Generating synthetic cohort (n={N_PATIENTS})...")
    df       = generate_cohort(N_PATIENTS, RANDOM_SEED, params, intercept_si)
    obs_rate = df[TARGET].mean()
    print(f"  Observed SI rate  = {obs_rate:.3f}  (target {SI_RATE_TARGET:.2f})")
    print(f"  E[asherman_iua]   = {df['asherman_iua'].mean():.3f}")
    print(f"  E[CSD]            = {df['caesarean_scar_disorder'].mean():.3f}")
    print(f"  E[dnc_history]    = {df['dnc_history'].mean():.3f}")
    print(f"  E[ptsd]           = {df['birth_trauma_ptsd'].mean():.3f}")
    print(f"  Features          = {len(FEATURES)}")
    if abs(obs_rate - SI_RATE_TARGET) > 0.04:
        print(f"  [WARN] >4pp deviation (stochastic at n={N_PATIENTS})")
    df.to_csv(os.path.join(OUTPUT_DIR,"si_synthetic_cohort_v5.csv"),index=False)

    # Save spec
    spec = {
        "pipeline_version": "5.0",
        "INTERCEPT_SI":     round(intercept_si,4),
        "COEF_SI":          COEF_SI,
        "SI_RATE_TARGET":   SI_RATE_TARGET,
        "RANDOM_SEED":      RANDOM_SEED,
        "N_PATIENTS":       N_PATIENTS,
        "DPI":              DPI,
        "si_definition": (
            "WHO/ICMART 2009: inability to conceive after 12 months regular "
            "unprotected intercourse. Binary endpoint within 5-year follow-up."),
        "target_rate_sources": {
            "Cox 2023 period":   "4.9% (2.7-8.8%)",
            "Cox 2023 lifetime": "6.5% (3.9-10.7%)",
            "Gurunath 2011":     "10-15% clinical cohorts",
            "Target":            "12% enriched cohort",
        },
        "new_v5_features": {
            "asherman_iua": "OR≈6.0 — Guo et al. 2019 (Hum Reprod); "
                            "Hooker et al. 2014 (IUA post-D&C prevalence 19.1%)",
            "iua_severity": "Ordinal 0-3 per AFS classification; OR per unit ≈1.43",
            "caesarean_scar_disorder": (
                "Ma et al. 2025 (Ann Med): LBR RR=0.65 (CSD vs VD); "
                "β = log(1/0.65) = +0.431"),
            "intracavitary_fluid": (
                "Ma et al. 2025: LBR RR=0.61 (ICF vs VD); "
                "β = log(1/0.61) = +0.494"),
            "dnc_history": (
                "Hooker et al. 2014: OR=2.05 for IUA with >1 D&C; "
                "β = +0.288 (OR≈1.33 for SI pathway)"),
        },
        "intercept_note": (
            "Calibrated at runtime via scipy.optimize.brentq "
            "(n=500,000) using actual Excel params."),
    }
    with open(os.path.join(OUTPUT_DIR,"si_generative_spec_v5.json"),"w") as f:
        json.dump(spec, f, indent=2)

    # 4. Split
    X = df[FEATURES]; y = df[TARGET]
    X_train, X_test, y_train, y_test = train_test_split(
        X, y, test_size=0.20, random_state=RANDOM_SEED, stratify=y)
    test_idx  = y_test.index
    train_idx = X_train.index
    X_test    = X_test.reset_index(drop=True)
    y_test    = y_test.reset_index(drop=True)
    df_test   = df.loc[test_idx].reset_index(drop=True)
    df_train  = df.loc[train_idx].reset_index(drop=True)

    print(f"\n[3] Train={len(X_train)}, Test={len(X_test)} | "
          f"Test SI rate = {y_test.mean():.3f}")

    # 5. Train
    print("\n[4] Training model...")
    model = (train_lightgbm(X_train, y_train) if LGB_AVAILABLE
             else train_logistic(X_train, y_train))

    # 6. Evaluate
    results = {}
    thr, prob, fpr, tpr = evaluate(model, X_test, y_test,
                                    "Secondary Infertility Risk Model v5.0",
                                    results)
    v = results["Secondary Infertility Risk Model v5.0"]

    # 7. SHAP
    print("\n[5] SHAP analysis...")
    imp_df = compute_shap(model, X_train, X_test, OUTPUT_DIR)

    # 8. Sensitivity analysis
    print("\n[6] Sensitivity analysis (±30%)...")
    sa_df = sensitivity_analysis(df_train, df_test, intercept_si, OUTPUT_DIR)

    # 9. Figures
    print("\n[7] Generating figures (600 DPI)...")
    plot_si_rate_validation(df, obs_rate, OUTPUT_DIR)
    plot_roc(fpr, tpr, v["AUC_ROC"], OUTPUT_DIR)
    plot_calibration(prob, y_test, OUTPUT_DIR)
    plot_confusion(v["TN"],v["FP"],v["FN"],v["TP"], OUTPUT_DIR)
    plot_threshold(prob, y_test, OUTPUT_DIR)
    plot_subgroup_auc(model, X_test, y_test, df_test, OUTPUT_DIR)
    plot_risk_distribution(prob, y_test, OUTPUT_DIR)
    plot_coefficient_forest(intercept_si, OUTPUT_DIR)

    # 10. Save outputs
    if imp_df is not None:
        imp_df.to_csv(os.path.join(OUTPUT_DIR,"si_feature_importance.csv"),index=False)
    with open(os.path.join(OUTPUT_DIR,"si_performance_summary.json"),"w") as f:
        json.dump(results, f, indent=2)

    # Coefficient table CSV
    coef_rows = [
        {"predictor":"Asherman Syndrome / IUA","beta":+1.7918,"OR":6.00,
         "CI":"(3.50-10.50)","domain":"Uterine/structural",
         "source":"Guo et al. 2019 (Best Pract Res Clin Obstet Gynaecol); "
                  "Hooker et al. 2014 (Hum Reprod Update)"},
        {"predictor":"IUA Severity (per unit 0-3)","beta":+0.3567,"OR":1.43,
         "CI":"(1.10-1.85)","domain":"Uterine/structural",
         "source":"AFS classification; Guo et al. 2019"},
        {"predictor":"Caesarean Scar Disorder","beta":+0.4308,"OR":1.54,
         "CI":"(1.20-2.00)","domain":"Uterine/structural",
         "source":"Ma et al. 2025 (Ann Med): LBR RR=0.65 CSD vs VD"},
        {"predictor":"Intracavitary Fluid","beta":+0.4943,"OR":1.64,
         "CI":"(1.20-2.25)","domain":"Uterine/structural",
         "source":"Ma et al. 2025: LBR RR=0.61 ICF vs VD"},
        {"predictor":"Prior D&C History","beta":+0.2877,"OR":1.33,
         "CI":"(1.10-1.62)","domain":"Uterine/structural",
         "source":"Hooker et al. 2014: OR=2.05 for IUA with >1 D&C"},
        {"predictor":"Prior Subfertility History","beta":+1.5041,"OR":4.50,
         "CI":"(2.80-7.20)","domain":"Clinical",
         "source":"te Velde & Cohlen 2002"},
        {"predictor":"Endometriosis","beta":+1.3863,"OR":4.00,
         "CI":"(2.50-6.40)","domain":"Clinical",
         "source":"Bulletti et al. 2010"},
        {"predictor":"Recurrent Miscarriage","beta":+1.2528,"OR":3.50,
         "CI":"(2.10-5.80)","domain":"Clinical",
         "source":"Rai & Regan 2006 (Lancet)"},
        {"predictor":"Birth Trauma / PTSD","beta":+1.0986,"OR":3.00,
         "CI":"(1.80-5.00)","domain":"Psychosocial",
         "source":"Storksen 2013; Gottvall 2002"},
        {"predictor":"Irregular Menstrual Cycle","beta":+1.0296,"OR":2.80,
         "CI":"(1.80-4.40)","domain":"Clinical","source":"Clinical consensus"},
        {"predictor":"Thyroid Disorder","beta":+0.7419,"OR":2.10,
         "CI":"(1.40-3.20)","domain":"Clinical","source":"Mintziori 2016"},
        {"predictor":"Male Factor","beta":+0.5878,"OR":1.80,
         "CI":"(1.20-2.70)","domain":"Clinical","source":"Thoma 2013"},
        {"predictor":"Severe PPH","beta":+0.4055,"OR":1.50,
         "CI":"(1.10-2.10)","domain":"Clinical","source":"Clinical (Asherman risk)"},
        {"predictor":"Elevated Depression CES-D","beta":+0.3365,"OR":1.40,
         "CI":"(1.05-1.85)","domain":"Psychosocial","source":"Tun 2022"},
        {"predictor":"Previous CS","beta":+0.1508,"OR":1.163,
         "CI":"(1.04-1.31)","domain":"Obstetric",
         "source":"Ma 2025: LBR RR=0.86 CS vs VD"},
        {"predictor":"Maternal Age (per yr)","beta":+0.0770,"OR":1.080,
         "CI":"(1.05-1.12)","domain":"Demographic",
         "source":"te Velde 2002; Marti-Garcia 2024"},
        {"predictor":"EPDS (per pt)","beta":+0.0715,"OR":1.074,
         "CI":"(1.02-1.13)","domain":"Psychosocial","source":"Kinouchi 2026"},
        {"predictor":"W-DEQ (per pt)","beta":+0.0149,"OR":1.015,
         "CI":"(1.005-1.025)","domain":"Psychosocial","source":"Laursen 2009"},
        {"predictor":"STAI (per pt)","beta":+0.0100,"OR":1.010,
         "CI":"(1.002-1.018)","domain":"Psychosocial","source":"Sydsjö 2012"},
        {"predictor":"Doula Support","beta":-0.2231,"OR":0.800,
         "CI":"(0.65-0.98)","domain":"Protective","source":"Chaudhary 2025"},
        {"predictor":"INTERCEPT","beta":round(intercept_si,4),"OR":None,
         "CI":"n/a","domain":"—",
         "source":f"Runtime brentq calibration (n={N_CALIBRATION:,}); "
                  f"target {SI_RATE_TARGET:.0%}"},
    ]
    pd.DataFrame(coef_rows).to_csv(
        os.path.join(OUTPUT_DIR,"si_coefficient_table_v5.csv"),index=False)

    # Final summary
    print(f"\n{banner}")
    print(f"  PIPELINE v5.0 COMPLETE  ->  {os.path.abspath(OUTPUT_DIR)}/")
    print(banner)
    print()
    print(f"  CALIBRATION:  INTERCEPT_SI = {intercept_si:.4f}")
    print(f"  Observed SI   = {obs_rate:.3f}  |  Target = {SI_RATE_TARGET:.2f}")
    print()
    print(f"  ┌──────────────────────────────────────────────────────────────┐")
    print(f"  │  Secondary Infertility Risk Model — v5.0 Summary             │")
    print(f"  ├────────────────────────┬─────────────────────────────────────┤")
    for key,val in [
        ("n (test)",           v["n_test"]),
        ("Observed SI rate",   v["SI_rate_observed"]),
        ("AUC-ROC",            v["AUC_ROC"]),
        ("AUC-PR",             v["AUC_PR"]),
        ("Brier Score",        v["Brier"]),
        ("Threshold (Youden)", v["Threshold_Youden"]),
        ("Sensitivity",        v["Sensitivity"]),
        ("Specificity",        v["Specificity"]),
        ("PPV",                v["PPV"]),
        ("NPV",                v["NPV"]),
    ]:
        print(f"  │  {key:<22} │  {str(val):<35} │")
    print(f"  └────────────────────────┴─────────────────────────────────────┘")
    print()
    print(f"  NEW v5 UTERINE/STRUCTURAL PREDICTORS:")
    print(f"  Asherman/IUA:   OR≈6.00  [Guo 2019; Hooker 2014]")
    print(f"  CSD:            OR≈1.54  [Ma 2025; LBR RR=0.65]")
    print(f"  ICF:            OR≈1.64  [Ma 2025; LBR RR=0.61]")
    print(f"  D&C history:    OR≈1.33  [Hooker 2014]")
    print()
    print(f"  KEY OUTPUTS:")
    print(f"    si_shap_bar.png                   — Feature importance")
    print(f"    si_shap_beeswarm.png              — SHAP beeswarm")
    print(f"    si_shap_dependence_uterine.png    — NEW: IUA/CSD/ICF SHAP")
    print(f"    si_forest_plot_coefficients.png   — Literature OR forest plot")
    print(f"    si_subgroup_auc.png               — Subgroup AUC")
    print(f"    si_roc_curve.png | si_calibration.png")
    print(f"    si_sensitivity_tornado.png        — Sensitivity analysis")
    print(f"    si_performance_summary.json       — All metrics")
    print(f"    si_generative_spec_v5.json        — Full spec")
    print()


if __name__ == "__main__":
    main()

###################################################################################################################################### 
Code 4:
"""
=============================================================================
Biopsychosocial Clinical Decision Support — Three-Stage Scoring Tool
VERSION 4  (active labour duration removed from Stage 2)
=============================================================================

STAGES:
  Stage 1 — Antepartum (Antenatal Counselling)
             Predicts CS probability BEFORE labour onset.
             Target rate: 21.1% (Betran et al. 2021, BMJ Global Health).

  Stage 2 — Intrapartum (Active Labour)
             Predicts CS probability DURING labour.
             Adds intrapartum-specific predictors (Bishop score, cervical
             dilation, oxytocin, epidural, fetal station, etc.).
             Target rate: 29.0% (intrapartum-enriched cohort; Hunt 2025).
             NOTE (v4): "Active labour duration" has been REMOVED as a
             question/predictor in this stage. Duration of active labour
             is not known until labour is substantially advanced or
             complete, and mostly reflects the process that leads to CS
             rather than an independent antecedent risk factor (the same
             leakage logic already applied to epidural analgesia). This
             mirrors the identical fix made to cs_prediction_pipeline_v5.py
             (active_phase_hours removed from COEF_IP / INTRAPARTUM_FEATURES).
             Epidural analgesia remains a labour-course marker with an
             explicit confounding note.

  Stage 3 — Postpartum / Secondary Infertility Risk (5-year projection)
             Estimates 5-year secondary infertility risk.
             Based on SI Pipeline v5 (INTERCEPT = -8.2123). UNCHANGED in
             this revision — no leakage issue was identified in Stage 3.
             Target rate: 12.0% (Cox et al. 2023, Hum Reprod Open).

SCIENTIFIC BASIS:
  All coefficients are literature-derived log-odds from published ORs.
  Models were trained on a synthetic, literature-parameterised dataset
  (n = 3000). This tool is a PROOF-OF-CONCEPT only.

IMPORTANT DISCLAIMER:
  This tool does NOT constitute a validated clinical instrument.
  It must NOT be used to make clinical decisions.
  All output must be reviewed by a qualified healthcare professional.

KEY CORRECTIONS APPLIED (cumulative):
  - Three stages (antepartum / intrapartum / secondary infertility)
    instead of two, with strict temporal separation.
  - Induction of labour (IOL) added as a CS predictor.
  - Gestational age added.
  - Epidural analgesia placed in Stage 2 only with explicit
    confounding note (temporality concern).
  - v4 (NEW): "Active labour duration" question REMOVED from Stage 2
    entirely — it is not known until birth and is a leakage variable,
    not a legitimate antecedent predictor. INTERCEPT_IP has been
    re-derived to remove its contribution.
  - Secondary infertility target rate set to 12% (Cox 2023); an earlier
    implausible 51.5% mean risk is corrected by proper calibrated
    intercept.
  - SMOTE not applied here; scoring tool uses direct logistic coefficients
    rather than a resampled model.
  - Contribution display uses log-odds units (not arbitrary weights).
  - "Natural birth" replaced throughout with "vaginal birth".
  - All intrapartum variables are missing/NA in Stage 1 (strict separation).

REQUIREMENTS:
  pip install numpy
  python biopsychosocial_scoring_tool_v4_final.py

REPRODUCIBILITY: RANDOM_SEED = 42 (original pipelines)
=============================================================================
"""

import math
import json
import sys

# ─────────────────────────────────────────────────────────────────────────────
# TERMINAL COLOUR HELPERS
# ─────────────────────────────────────────────────────────────────────────────
def cyan(s):   return f"\033[96m{s}\033[0m"
def green(s):  return f"\033[92m{s}\033[0m"
def yellow(s): return f"\033[93m{s}\033[0m"
def red(s):    return f"\033[91m{s}\033[0m"
def bold(s):   return f"\033[1m{s}\033[0m"
def dim(s):    return f"\033[2m{s}\033[0m"

def line(char="─", n=72): print(char * n)
def dline(n=72):           print("═" * n)

def section_header(title, subtitle=""):
    print()
    dline()
    print(bold(f"  {title}"))
    if subtitle:
        print(dim(f"  {subtitle}"))
    dline()

def strip_ansi(s):
    """Remove ANSI colour codes for JSON serialisation."""
    import re
    return re.sub(r"\033\[[0-9;]*m", "", s)

# ─────────────────────────────────────────────────────────────────────────────
# QUESTION ENGINE
# ─────────────────────────────────────────────────────────────────────────────
def ask(question: str, options: list) -> tuple:
    """
    Present a multiple-choice clinical question.
    options = list of (display_label, continuous_equivalent, description)
    Returns (selected_label, continuous_equivalent)
    """
    print()
    print(bold(f"  {question}"))
    for i, (label, val, desc) in enumerate(options, 1):
        desc_str = f"  {dim(desc)}" if desc else ""
        print(f"    {cyan(str(i))}.  {label:<42}{desc_str}")
    while True:
        try:
            choice = input(f"  {bold('Your choice')} (1-{len(options)}): ").strip()
            idx = int(choice) - 1
            if 0 <= idx < len(options):
                return options[idx][0], options[idx][1]
        except (ValueError, KeyboardInterrupt):
            pass
        print(f"  {yellow(f'Please enter a number between 1 and {len(options)}')}")

def show_contributions(item_scores: dict, top_n: int = 10):
    """Display sorted factor contributions in log-odds units."""
    print()
    line()
    print(bold("  Factor contributions (log-odds units, sorted by magnitude):"))
    print()
    sorted_items = sorted(item_scores.items(),
                          key=lambda x: abs(x[1]["contribution"]), reverse=True)
    shown = 0
    for var, info in sorted_items:
        if abs(info["contribution"]) < 0.001:
            continue
        if shown >= top_n:
            break
        contrib    = info["contribution"]
        direction  = "up" if contrib > 0 else "down"
        bar_len    = min(int(abs(contrib) * 6), 16)
        bar        = "█" * bar_len
        color_fn   = red if contrib > 0.05 else (green if contrib < -0.05 else dim)
        label_show = info["label"][:34]
        var_show   = var.replace("_", " ").title()[:30]
        print(f"  {direction} {color_fn(f'{contrib:+.3f}'):>12}  {bar:<16}  "
              f"{dim(var_show):<32}  {dim(label_show)}")
        shown += 1
    print()

# ─────────────────────────────────────────────────────────────────────────────
# STAGE 1 — ANTEPARTUM CS RISK
# ─────────────────────────────────────────────────────────────────────────────
INTERCEPT_AP = -0.887   # see derivation notes: logit(0.211) with centred predictors

AP_QUESTIONS = [
    (
        "prev_caesarean", +1.386,
        "Previous caesarean section?",
        [
            ("No",  0.0, ""),
            ("Yes", 1.0, "OR ~ 4.0  [Hunt 2025]"),
        ]
    ),
    (
        "iol_planned", +0.693,
        "Is induction of labour planned for this pregnancy?",
        [
            ("No - spontaneous labour expected",  0.0, ""),
            ("Yes - induction planned",           1.0, "OR ~ 2.0  [Wu 2019; Crabtree 2026]"),
        ]
    ),
    (
        "gestational_age_wk", -0.182,
        "Gestational age at time of this assessment (weeks)?",
        [
            ("< 37 weeks  (Preterm)",             -3.0, "Preterm - higher CS risk context"),
            ("37 - 38 weeks  (Early term)",        -1.5, ""),
            ("39 weeks  (Full term, optimal)",      0.0, "Reference; lowest spontaneous CS rate"),
            ("40 weeks  (Late term)",              +1.0, ""),
            ("41+ weeks  (Post-term)",             +2.5, "Protective vs spontaneous CS  [Crabtree 2026]"),
        ]
    ),
    (
        "parity", -0.405,
        "Parity (number of previous live births)?",
        [
            ("Nulliparous  (first birth)",         0.0, "Highest CS risk group  [Tun 2022]"),
            ("Multiparous  (>=1 previous birth)",  1.0, "OR ~ 0.67 protective  [Hunt 2025]"),
        ]
    ),
    (
        "prev_vaginal_birth", -0.511,
        "Has there been at least one previous vaginal birth?",
        [
            ("No",                                 0.0, ""),
            ("Yes",                                1.0, "OR ~ 0.60 protective  [Tun 2022]"),
        ]
    ),
    (
        "bmi_kgm2", +0.046,
        "Pre-pregnancy or early-pregnancy BMI (kg/m^2)?",
        [
            ("< 18.5  (Underweight)",              -4.0, ""),
            ("18.5 - 24.9  (Normal weight)",         0.0, "Reference group"),
            ("25.0 - 29.9  (Overweight)",            5.0, "aOR ~ 1.35  [Al-Omari 2026]"),
            ("30.0 - 34.9  (Obese class I)",        10.0, "aOR ~ 1.78  [Al-Omari 2026]"),
            ("35.0 - 39.9  (Obese class II)",       15.0, "aOR ~ 2.21  [Al-Omari 2026]"),
            (">= 40.0  (Obese class III)",          19.0, "aOR ~ 2.61  [Al-Omari 2026]"),
        ]
    ),
    (
        "hypertension_hdp", +0.916,
        "Hypertensive disorder of pregnancy (pre-eclampsia / HDP)?",
        [
            ("No",  0.0, ""),
            ("Yes", 1.0, "OR ~ 2.5  [Tun 2022]"),
        ]
    ),
    (
        "gestational_diabetes", +0.588,
        "Gestational diabetes mellitus (GDM) diagnosed?",
        [
            ("No",  0.0, ""),
            ("Yes", 1.0, "OR ~ 1.8  [Tun 2022]"),
        ]
    ),
    (
        "efwt_grams", +0.0003,
        "Estimated foetal weight (grams)?",
        [
            ("< 2,500 g  (Small for gestational age)", -800, ""),
            ("2,500 - 3,499 g  (Normal range)",           0, "Reference"),
            ("3,500 - 3,999 g  (Upper normal)",         750, ""),
            (">= 4,000 g  (Macrosomia)",                1200, "OR up  [Wu 2019]"),
        ]
    ),
    (
        "art_conception", +0.693,
        "Conception via assisted reproductive technology (ART/IVF/ICSI)?",
        [
            ("No - spontaneous conception",  0.0, ""),
            ("Yes - ART / IVF / ICSI",       1.0, "OR ~ 2.0  [Liu 2026]"),
        ]
    ),
    (
        "cesd_elevated", +0.336,
        "Depressive symptoms - current assessment (CES-D or clinical)?",
        [
            ("No - no significant symptoms  (CES-D < 16)",  0.0, ""),
            ("Mild to moderate symptoms",                   0.5, ""),
            ("Elevated  (CES-D >= 16 or clinical diagnosis)",1.0, "OR ~ 1.4  [Tun 2022]"),
        ]
    ),
    (
        "wdeq_score", +0.022,
        "Fear of childbirth - W-DEQ level?",
        [
            ("None / very low  (W-DEQ < 40)",     0.0, "Reference - no clinically significant FOC"),
            ("Mild  (W-DEQ 40-54)",              12.0, ""),
            ("Moderate  (W-DEQ 55-65)",          25.0, ""),
            ("High  (W-DEQ 66-85)",              40.0, "OR up  [Zhu 2025]"),
            ("Very high  (W-DEQ > 85)",          55.0, "Clinical FOC level"),
        ]
    ),
    (
        "prenatal_education", -0.431,
        "Prenatal education / childbirth preparation classes completed?",
        [
            ("No - none attended",              0.0, ""),
            ("Partial - some sessions only",    0.5, ""),
            ("Yes - full programme completed",  1.0, "OR ~ 0.65 protective  [Liu 2026]"),
        ]
    ),
    (
        "doula_support", -0.511,
        "Continuous birth support planned (doula / dedicated birth partner)?",
        [
            ("No - no continuous support",          0.0, ""),
            ("Partial - intermittent support only", 0.5, ""),
            ("Yes - dedicated continuous support",  1.0, "OR ~ 0.60 protective  [Chaudhary 2025]"),
        ]
    ),
    (
        "hyp_use_ap", -0.357,
        "Hypnobirthing or relaxation programme used during pregnancy?",
        [
            ("No",  0.0, ""),
            ("Yes", 1.0, "OR ~ 0.70 protective  [Huang 2026]"),
        ]
    ),
]


def run_antepartum() -> dict:
    section_header(
        "STAGE 1 - ANTEPARTUM CS RISK  (Antenatal Counselling)",
        "Predicts probability of caesarean section before labour onset"
        "  |  WHO target rate: 21.1%  (Betran et al. 2021)"
    )
    print()
    print(dim("  Variables collected during this stage: antepartum only."))
    print(dim("  Intrapartum variables (Bishop score, epidural, etc.) are NOT included"))
    print(dim("  here - this preserves strict temporal separation to avoid information leakage."))
    print()
    print(dim("  PROOF-OF-CONCEPT ONLY - not a validated clinical instrument."))
    print()
    input(dim("  Press ENTER to begin Stage 1 ..."))

    log_odds = INTERCEPT_AP
    item_scores = {}

    for var, coef, question, options in AP_QUESTIONS:
        label, x_val = ask(question, options)
        contribution = coef * x_val
        log_odds += contribution
        item_scores[var] = {
            "label": label, "x_value": x_val,
            "coefficient": coef, "contribution": round(contribution, 4),
        }

    prob_cs = 1 / (1 + math.exp(-log_odds))

    if prob_cs < 0.12:
        risk_cat = green("LOW")
        risk_note = "Below-average CS risk based on antepartum profile."
    elif prob_cs < 0.25:
        risk_cat = yellow("MODERATE")
        risk_note = "Around or moderately above background CS rate (~21%). Birth planning advised."
    elif prob_cs < 0.45:
        risk_cat = yellow("ELEVATED")
        risk_note = "Elevated CS risk - detailed birth planning and counselling recommended."
    else:
        risk_cat = red("HIGH")
        risk_note = "High CS risk indicated - specialist obstetric review is advisable."

    print()
    dline()
    print(bold("  STAGE 1 RESULTS - ANTEPARTUM"))
    dline()
    print()
    print(f"  {bold('Estimated CS probability (antepartum):')}  {bold(f'{prob_cs:.1%}')}")
    print(f"  {bold('Risk category:')}                          {risk_cat}")
    print()
    print(f"  {risk_note}")
    print()
    print(dim("  Background rate: global weighted mean CS = 21.1%  (Betran et al. 2021)."))
    print(dim("  Note: this estimate is based on pre-labour factors only. Intrapartum"))
    print(dim("  variables (labour progress, cervical status, etc.) will further"))
    print(dim("  modify risk - see Stage 2 below."))

    show_contributions(item_scores)

    return {
        "stage": "1_antepartum",
        "prob_cs": round(prob_cs, 4),
        "risk_category": strip_ansi(risk_cat),
        "log_odds": round(log_odds, 4),
        "item_scores": item_scores,
    }


# ─────────────────────────────────────────────────────────────────────────────
# STAGE 2 — INTRAPARTUM CS RISK   (v4: active labour duration REMOVED)
# ─────────────────────────────────────────────────────────────────────────────
#
# TEMPORALITY NOTE (epidural AND active labour duration):
#   Epidural analgesia is included as a labour-course marker rather than
#   a causal predictor.
#   Active labour duration has been REMOVED ENTIRELY in v4: like epidural
#   use, it is not known in advance and mostly reflects the process
#   leading to CS rather than an independent antecedent risk factor -
#   but unlike epidural (which is a clinically meaningful confounded
#   marker worth retaining with a caveat), labour duration adds little
#   interpretable value once removed from the outcome-generating model,
#   so it has been dropped from the tool altogether to stay consistent
#   with cs_prediction_pipeline_v5.py (active_phase_hours removed from
#   COEF_IP / INTRAPARTUM_FEATURES).
#
# INTERCEPT_IP RE-DERIVATION (v4):
#   The prior intercept was +0.311, derived under a "typical mixed
#   population" approximation whose average included a labour-duration
#   contribution of +0.264 (average ~3h x coefficient 0.088). Removing
#   that question removes this term from every possible log-odds sum,
#   so the intercept must increase by the same amount to keep the same
#   approximate calibration to ~29% for a typical mixed patient profile:
#     INTERCEPT_IP (v4) = 0.311 + 0.264 = 0.575
#   Verification: mixed average (unchanged other terms, total avg
#   -1.198 minus the removed +0.264 = -1.462) ->
#     sigmoid(0.575 + -1.462) = sigmoid(-0.887) ~ 29.2%  (matches check)

INTERCEPT_IP = +0.575   # v4: re-derived after removing active labour duration

IP_QUESTIONS = [
    # ── Antepartum predictors carried forward ────────────────────────────────
    (
        "prev_caesarean_ip", +1.386,
        "[Carry-forward] Previous caesarean section?",
        [
            ("No",  0.0, ""),
            ("Yes", 1.0, "OR ~ 4.0  [Hunt 2025]"),
        ]
    ),
    (
        "parity_ip", -0.405,
        "[Carry-forward] Parity?",
        [
            ("Nulliparous", 0.0, "First birth - higher risk"),
            ("Multiparous", 1.0, "OR ~ 0.67 protective"),
        ]
    ),
    (
        "bmi_ip", +0.046,
        "[Carry-forward] BMI (kg/m^2)?",
        [
            ("< 25.0  (Normal or underweight)",  0.0, "Reference"),
            ("25.0 - 29.9  (Overweight)",         5.0, "+0.23 log-odds"),
            ("30.0 - 34.9  (Obese I)",           10.0, "+0.46 log-odds"),
            (">= 35.0  (Obese II/III)",          15.0, "+0.69 log-odds"),
        ]
    ),
    # ── Intrapartum-specific predictors ──────────────────────────────────────
    (
        "bishop_score", -0.231,
        "Bishop score at labour assessment?",
        [
            ("<= 3  (Unfavourable cervix)",  -1.0, "Very low likelihood of vaginal birth  [Hunt 2025]"),
            ("4 - 5  (Borderline)",          1.5, ""),
            ("6 - 7  (Favourable)",          3.5, ""),
            (">= 8  (Ripe cervix)",           6.0, "Favourable for vaginal birth  [Hunt 2025]"),
        ]
    ),
    (
        "cervical_dilation_cm", -0.185,
        "Cervical dilation at assessment (cm)?",
        [
            ("< 3 cm  (Latent phase)",        2.0, ""),
            ("3 - 5 cm  (Early active)",      4.0, ""),
            ("6 - 7 cm  (Active phase)",      6.5, ""),
            (">= 8 cm  (Advanced active)",     8.5, ""),
        ]
    ),
    (
        "fetal_station", -0.126,
        "Fetal presenting part station (relative to ischial spines)?",
        [
            ("High  (-3 to -2)",   -2.5, "Unengaged - higher CS risk"),
            ("Engaged  (-1)",      -1.0, ""),
            ("At spines  (0)",      0.0, ""),
            ("Below spines (+1 to +2)", 1.5, "Engaged - lower CS risk"),
        ]
    ),
    (
        "oxytocin_use", +0.405,
        "Oxytocin augmentation or induction used during labour?",
        [
            ("No oxytocin",                 0.0, ""),
            ("Low dose  (<= 2 mU/min max)",  0.4, "Modest risk  [Nicoli 2026]"),
            ("Moderate dose  (3-10 mU/min)",0.7, ""),
            ("High dose  (> 20 mU/min)",    1.0, "OR ~ 2.2 for emergency CS  [Nicoli 2026]"),
        ]
    ),
    (
        "iol_intrapartum", +0.693,
        "Labour induction status (at this time point)?",
        [
            ("Spontaneous onset of labour",    0.0, ""),
            ("Elective IOL (non-urgent)",       0.7, "OR ~ 1.38 limited-risk cohort  [Crabtree 2026]"),
            ("Medical indication IOL",          1.0, "OR ~ 2.0  [Wu 2019]"),
        ]
    ),
    (
        "op_position", +0.693,
        "Occiput-posterior (OP) fetal position?",
        [
            ("No - not OP",  0.0, ""),
            ("Yes - OP",     1.0, "Strongly associated with CS / prolonged labour"),
        ]
    ),
    (
        "amniotic_fluid", +0.441,
        "Amniotic fluid status?",
        [
            ("Normal AFI",                0.0, ""),
            ("Oligohydramnios",           1.0, "OR ~ 2.07 for CS  [Whittington 2023]"),
            ("Polyhydramnios",            0.8, "OR up for CS  [Whittington 2023]"),
            ("Meconium-stained liquor",   0.5, "Associated with fetal compromise"),
        ]
    ),
    # NOTE (v4): "Active labour duration" question REMOVED here.
    # It was previously coded as +0.088 per hour of active labour - see
    # module docstring and INTERCEPT_IP re-derivation note above for why
    # this was dropped (temporal leakage).
    (
        "epidural_analgesia", +0.223,
        "Epidural analgesia administered?  [See note below]",
        [
            ("No",    0.0, ""),
            ("Yes",   1.0, "Labour-course marker - see temporality note"),
        ]
    ),
    (
        "cesd_ip", +0.336,
        "Depressive or anxiety symptoms during labour (clinical assessment)?",
        [
            ("No significant symptoms",          0.0, ""),
            ("Mild to moderate",                 0.5, ""),
            ("Elevated (CES-D >= 16 or clinical)",1.0, "OR ~ 1.4  [Tun 2022]"),
        ]
    ),
    (
        "doula_support_ip", -0.511,
        "Continuous birth support present during labour (doula / dedicated supporter)?",
        [
            ("No",      0.0, ""),
            ("Partial", 0.5, ""),
            ("Yes",     1.0, "OR ~ 0.60 protective  [Chaudhary 2025]"),
        ]
    ),
    (
        "waterbirth_nlp", -0.223,
        "Non-pharmacological pain relief or waterbirth being used?",
        [
            ("No",                                  0.0, ""),
            ("Partial - breathing / mobility only", 0.4, ""),
            ("Yes - waterbirth or active NLP suite", 1.0, "Protective against unnecessary CS"),
        ]
    ),
]


def run_intrapartum() -> dict:
    section_header(
        "STAGE 2 - INTRAPARTUM CS RISK  (Active Labour)",
        "Predicts probability of caesarean section during active labour"
        "  |  Intrapartum target rate: 29.0%"
    )
    print()
    print(dim("  This stage incorporates intrapartum-specific variables."))
    print(dim("  These are only observable after labour onset - they are absent from Stage 1."))
    print()
    print(dim("  TEMPORALITY NOTE (epidural): Epidural analgesia is included as a"))
    print(dim("  labour-course marker, not a causal driver. Women with longer or more"))
    print(dim("  complicated labours are more likely to request epidural analgesia."))
    print(dim("  The association reflects underlying labour dystocia rather than a"))
    print(dim("  direct epidural -> CS causal pathway."))
    print()
    print(dim("  TEMPORALITY NOTE (v4): 'Active labour duration' has been REMOVED as a"))
    print(dim("  question in this stage. Like epidural use, duration is not known in"))
    print(dim("  advance and mostly reflects the process leading to CS rather than an"))
    print(dim("  independent antecedent predictor."))
    print()
    print(dim("  PROOF-OF-CONCEPT ONLY - not a validated clinical instrument."))
    print()
    input(dim("  Press ENTER to begin Stage 2 ..."))

    log_odds = INTERCEPT_IP
    item_scores = {}

    for var, coef, question, options in IP_QUESTIONS:
        label, x_val = ask(question, options)
        contribution = coef * x_val
        log_odds += contribution
        item_scores[var] = {
            "label": label, "x_value": x_val,
            "coefficient": coef, "contribution": round(contribution, 4),
        }

    prob_cs = 1 / (1 + math.exp(-log_odds))

    if prob_cs < 0.15:
        risk_cat = green("LOW")
        risk_note = "Below-average intrapartum CS risk."
    elif prob_cs < 0.30:
        risk_cat = yellow("MODERATE")
        risk_note = "Moderate intrapartum CS risk - vigilant monitoring recommended."
    elif prob_cs < 0.50:
        risk_cat = yellow("ELEVATED")
        risk_note = "Elevated CS risk - discuss options with obstetric team."
    else:
        risk_cat = red("HIGH")
        risk_note = "High intrapartum CS risk - senior obstetric review advisable."

    print()
    dline()
    print(bold("  STAGE 2 RESULTS - INTRAPARTUM"))
    dline()
    print()
    print(f"  {bold('Estimated CS probability (intrapartum):')}  {bold(f'{prob_cs:.1%}')}")
    print(f"  {bold('Risk category:')}                           {risk_cat}")
    print()
    print(f"  {risk_note}")
    print()
    print(dim("  Background rate: intrapartum-enriched cohort ~ 29% (Hunt 2025; Betran 2021)."))
    print(dim("  This estimate incorporates both antepartum carry-forward factors"))
    print(dim("  and intrapartum-specific labour progress variables."))

    show_contributions(item_scores)

    return {
        "stage": "2_intrapartum",
        "prob_cs": round(prob_cs, 4),
        "risk_category": strip_ansi(risk_cat),
        "log_odds": round(log_odds, 4),
        "item_scores": item_scores,
    }


# ─────────────────────────────────────────────────────────────────────────────
# STAGE 3 — SECONDARY INFERTILITY RISK (5-year postpartum)  — UNCHANGED
# ─────────────────────────────────────────────────────────────────────────────

INTERCEPT_SI = -3.985   # unchanged - see original derivation notes

SI_QUESTIONS = [

    # ── DOMAIN: UTERINE / STRUCTURAL ─────────────────────────────────────────
    (
        "asherman_iua", +1.7918,
        "[Uterine] Asherman syndrome / intrauterine adhesions (IUA)?",
        [
            ("Not diagnosed or suspected",  0.0, ""),
            ("Suspected - symptoms present",0.5, ""),
            ("Confirmed diagnosis",          1.0, "OR ~ 6.0  [Guo 2019; Hooker 2014]"),
        ]
    ),
    (
        "iua_severity", +0.3567,
        "[Uterine] If IUA is present, severity level? (Select 'None' if not applicable)",
        [
            ("None / not applicable",        0.0, ""),
            ("Mild  (AFS Grade I)",           1.0, "Filmy adhesions"),
            ("Moderate  (AFS Grade II)",      2.0, ""),
            ("Severe  (AFS Grade III/IV)",    3.0, "[Guo 2019]"),
        ]
    ),
    (
        "caesarean_scar_disorder", +0.4308,
        "[Uterine] Caesarean scar disorder (CSD) - confirmed on ultrasound?",
        [
            ("No",  0.0, ""),
            ("Yes", 1.0, "LBR RR = 0.65 vs vaginal delivery  [Ma 2025]"),
        ]
    ),
    (
        "intracavitary_fluid", +0.4943,
        "[Uterine] Intracavitary fluid (ICF) detected on uterine ultrasound?",
        [
            ("No",  0.0, ""),
            ("Yes", 1.0, "LBR RR = 0.61  [Ma 2025]"),
        ]
    ),
    (
        "dnc_history", +0.2877,
        "[Uterine] Prior uterine instrumentation (D&C, MVA, uterine evacuation)?",
        [
            ("No prior instrumentation",  0.0, ""),
            ("Once  (single procedure)",  0.5, ""),
            ("Twice or more",             1.0, "OR = 2.05 for IUA  [Hooker 2014]"),
        ]
    ),

    # ── DOMAIN: CLINICAL / GYNAECOLOGICAL ────────────────────────────────────
    (
        "prev_infertility_history", +1.5041,
        "[Clinical] Prior subfertility or infertility history before index pregnancy?",
        [
            ("No prior infertility",                        0.0, ""),
            ("Borderline - delayed conception",             0.5, ""),
            ("Formally diagnosed subfertility/infertility", 1.0, "OR ~ 4.5  [te Velde 2002]"),
        ]
    ),
    (
        "endometriosis_dx", +1.3863,
        "[Clinical] Endometriosis - diagnosis status?",
        [
            ("No",                      0.0, ""),
            ("Suspected / mild",        0.5, ""),
            ("Confirmed diagnosis",     1.0, "OR ~ 4.0  [Bulletti 2010]"),
        ]
    ),
    (
        "recurrent_miscarriage", +1.2528,
        "[Clinical] Recurrent miscarriage (2 or more previous pregnancy losses)?",
        [
            ("No - fewer than 2 losses", 0.0, ""),
            ("Yes - 2 or more losses",   1.0, "OR ~ 3.5  [Rai & Regan 2006, Lancet]"),
        ]
    ),
    (
        "irregular_cycle", +1.0296,
        "[Clinical] Menstrual cycle regularity before or outside of pregnancy?",
        [
            ("Regular  (21-35 day cycle)",              0.0, ""),
            ("Slightly irregular",                       0.5, ""),
            ("Irregular / oligomenorrhoea / amenorrhoea",1.0, "OR ~ 2.8  [clinical consensus]"),
        ]
    ),
    (
        "thyroid_disorder", +0.7419,
        "[Clinical] Thyroid disorder (hypothyroidism or hyperthyroidism)?",
        [
            ("No",                          0.0, ""),
            ("Subclinical / borderline",    0.5, ""),
            ("Diagnosed and/or treated",    1.0, "OR ~ 2.1  [Mintziori 2016]"),
        ]
    ),
    (
        "male_factor_risk", +0.5878,
        "[Clinical] Partner - any known male factor infertility risk?",
        [
            ("No / not assessed",               0.0, ""),
            ("Borderline - abnormal parameters",0.5, ""),
            ("Confirmed male factor",           1.0, "OR ~ 1.8  [Thoma 2013]"),
        ]
    ),
    (
        "pph_severe", +0.4055,
        "[Clinical] Postpartum haemorrhage (PPH) >= 1,000 mL at index delivery?",
        [
            ("No - blood loss < 1,000 mL",     0.0, ""),
            ("Yes - severe PPH  (>= 1,000 mL)", 1.0, "Asherman risk; OR ~ 1.5"),
        ]
    ),

    # ── DOMAIN: PSYCHOSOCIAL ─────────────────────────────────────────────────
    (
        "birth_trauma_ptsd", +1.0986,
        "[Psychosocial] Birth trauma / PTSD symptoms following the index delivery?",
        [
            ("No - no significant symptoms",           0.0, ""),
            ("Mild distress / difficult memories",     0.4, ""),
            ("Moderate PTSD symptoms",                 0.7, ""),
            ("Significant PTSD - affecting daily life",1.0, "OR ~ 3.0  [Storksen 2013]"),
        ]
    ),
    (
        "cesd_postpartum", +0.3365,
        "[Psychosocial] Depressive symptoms - postpartum (CES-D or clinical)?",
        [
            ("No significant symptoms",              0.0, ""),
            ("Mild symptoms",                        0.5, ""),
            ("CES-D >= 16 or clinical depression",   1.0, "OR ~ 1.4  [Tun 2022]"),
        ]
    ),
    (
        "epds_score", +0.0715,
        "[Psychosocial] EPDS (Edinburgh Postnatal Depression Scale) score?",
        [
            ("Low  (EPDS 0-6)",          3.0,  "Minimal - below threshold"),
            ("Mild  (EPDS 7-9)",         8.0,  ""),
            ("Moderate  (EPDS 10-12)",  11.0,  "Action threshold"),
            ("High  (EPDS 13-19)",      16.0,  "[Kinouchi 2026]"),
            ("Very high  (EPDS >= 20)",  22.0,  "Severe range"),
        ]
    ),
    (
        "wdeq_postpartum", +0.0149,
        "[Psychosocial] Fear of childbirth during index pregnancy - W-DEQ level?",
        [
            ("None / very low  (W-DEQ < 40)",     0.0, "Reference"),
            ("Mild  (W-DEQ 40-54)",              12.0, ""),
            ("Moderate  (W-DEQ 55-65)",          25.0, ""),
            ("High  (W-DEQ 66-85)",              40.0, "[Laursen 2009]"),
            ("Very high  (W-DEQ > 85)",          55.0, ""),
        ]
    ),
    (
        "state_anxiety_stai", +0.0100,
        "[Psychosocial] State anxiety - STAI score (or general anxiety level)?",
        [
            ("Low  (STAI < 40)",                15.0, ""),
            ("Average  (STAI 40-54)",           27.0, ""),
            ("Moderately elevated  (STAI 55-65)",42.0,""),
            ("High  (STAI >= 66)",               50.0, "[Sydsjo 2012]"),
        ]
    ),

    # ── DOMAIN: OBSTETRIC ────────────────────────────────────────────────────
    (
        "index_delivery_cs", +0.1508,
        "[Obstetric] Index delivery (the birth being assessed) by caesarean section?",
        [
            ("No - vaginal birth",  0.0, ""),
            ("Yes - CS delivery",   1.0, "LBR RR = 0.86  [Ma 2025]"),
        ]
    ),
    (
        "maternal_age_years", +0.0770,
        "[Obstetric] Maternal age at time of index delivery (years)?",
        [
            ("Under 25",    0.0, "Reference group"),
            ("25 - 29",     2.0, "+2 years above reference mean"),
            ("30 - 34",     7.0, "+7 years  [te Velde 2002]"),
            ("35 - 39",    12.0, "+12 years  [te Velde 2002]"),
            ("40 or above",17.0, "+17 years"),
        ]
    ),

    # ── DOMAIN: PROTECTIVE ───────────────────────────────────────────────────
    (
        "doula_support_si", -0.2231,
        "[Protective] Continuous birth support (doula) during labour?",
        [
            ("No",                      0.0, ""),
            ("Partial",                 0.5, ""),
            ("Yes - dedicated support", 1.0, "OR ~ 0.80 protective  [Chaudhary 2025]"),
        ]
    ),
    (
        "prenatal_education_si", -0.150,
        "[Protective] Prenatal education / childbirth preparation completed?",
        [
            ("No",  0.0, ""),
            ("Yes", 1.0, "Supportive / protective factor  [Liu 2026]"),
        ]
    ),
]

SI_MODIFIABLE = {
    "cesd_postpartum", "epds_score", "birth_trauma_ptsd",
    "wdeq_postpartum", "state_anxiety_stai",
    "doula_support_si", "prenatal_education_si",
}

def _si_domain(var: str) -> str:
    uterine  = {"asherman_iua","iua_severity","caesarean_scar_disorder",
                "intracavitary_fluid","dnc_history"}
    clinical = {"prev_infertility_history","endometriosis_dx","recurrent_miscarriage",
                "irregular_cycle","thyroid_disorder","male_factor_risk","pph_severe"}
    psychsoc = {"birth_trauma_ptsd","cesd_postpartum","epds_score",
                "wdeq_postpartum","state_anxiety_stai"}
    protect  = {"doula_support_si","prenatal_education_si"}
    if var in uterine:  return "[Uterine]"
    if var in clinical: return "[Clinical]"
    if var in psychsoc: return "[Psychosocial]"
    if var in protect:  return "[Protective]"
    return "[Obstetric]"


def run_secondary_infertility() -> dict:
    section_header(
        "STAGE 3 - SECONDARY INFERTILITY RISK  (5-year postpartum projection)",
        "WHO/ICMART 2009 definition: failure to conceive after 12 months unprotected"
        "  intercourse following a previous live birth  |  target rate: 12.0% (Cox 2023)"
    )
    print()
    print(dim("  IMPORTANT (correction, unchanged from earlier revision):"))
    print(dim("  The secondary infertility (SI) intercept was re-calibrated to produce"))
    print(dim("  a simulated mean SI risk of 12.0%, consistent with the global pooled"))
    print(dim("  period prevalence reported by Cox et al. 2023 (Hum Reprod Open)."))
    print()
    print(dim("  This framework is EXPLORATORY - there is limited individual-level evidence"))
    print(dim("  for a causal first-birth -> secondary infertility pathway. All outputs"))
    print(dim("  are properties of the simulation architecture, not empirical findings."))
    print()
    print(dim("  PROOF-OF-CONCEPT ONLY - not a validated clinical instrument."))
    print()
    input(dim("  Press ENTER to begin Stage 3 ..."))

    log_odds = INTERCEPT_SI
    item_scores = {}

    for var, coef, question, options in SI_QUESTIONS:
        label, x_val = ask(question, options)
        contribution = coef * x_val
        log_odds += contribution
        item_scores[var] = {
            "label": label, "x_value": x_val,
            "coefficient": coef, "contribution": round(contribution, 4),
            "domain": _si_domain(var),
        }

    prob_si = 1 / (1 + math.exp(-log_odds))

    if prob_si < 0.05:
        risk_cat  = green("LOW")
        risk_note = "Below-average secondary infertility risk based on reported factors."
    elif prob_si < 0.12:
        risk_cat  = green("AVERAGE")
        risk_note = "Risk is within the expected range for this population (~12%)."
    elif prob_si < 0.20:
        risk_cat  = yellow("MODERATE")
        risk_note = "Moderately elevated risk - preconception review may be beneficial."
    elif prob_si < 0.35:
        risk_cat  = yellow("ELEVATED")
        risk_note = "Elevated risk - early referral to fertility services is advisable."
    else:
        risk_cat  = red("HIGH")
        risk_note = "High risk - specialist fertility assessment is strongly recommended."

    print()
    dline()
    print(bold("  STAGE 3 RESULTS - SECONDARY INFERTILITY RISK"))
    dline()
    print()
    print(f"  {bold('Estimated 5-year SI probability:')}  {bold(f'{prob_si:.1%}')}")
    print(f"  {bold('Risk category:')}                    {risk_cat}")
    print()
    print(f"  {risk_note}")
    print()
    print(dim("  Background rate: global pooled period prevalence ~ 12.6%,"))
    print(dim("  secondary infertility period prevalence ~ 4.9%  (Cox et al. 2023)."))
    print(dim("  Tool calibrated at 12.0% to reflect enriched-risk postpartum cohort."))

    show_contributions(item_scores, top_n=12)

    line()
    print(bold("  Top modifiable risk factors for clinical discussion:"))
    modifiable_risks = sorted(
        [(v, d) for v, d in item_scores.items()
         if v in SI_MODIFIABLE and d["contribution"] > 0.01],
        key=lambda x: x[1]["contribution"], reverse=True
    )[:3]
    if modifiable_risks:
        for var, info in modifiable_risks:
            var_label = var.replace("_", " ").title()
            print(f"  -> {yellow(var_label)}: {info['label']}"
                  f"  ({info['contribution']:+.3f} log-odds)")
    else:
        print(f"  {green('No highly elevated modifiable risk factors identified.')}")
    print()
    line()
    print(dim("  Domains contributing to SI risk in this profile:"))
    domain_totals = {}
    for info in item_scores.values():
        d = info.get("domain", "[Other]")
        domain_totals[d] = domain_totals.get(d, 0) + info["contribution"]
    for domain, total in sorted(domain_totals.items(),
                                 key=lambda x: abs(x[1]), reverse=True):
        direction = "up" if total > 0 else "down"
        color_fn = red if total > 0.1 else (green if total < -0.1 else dim)
        print(f"  {direction} {color_fn(f'{total:+.3f}'):>10}  {domain}")
    print()

    return {
        "stage": "3_secondary_infertility",
        "prob_si": round(prob_si, 4),
        "risk_category": strip_ansi(risk_cat),
        "log_odds": round(log_odds, 4),
        "item_scores": item_scores,
    }


# ─────────────────────────────────────────────────────────────────────────────
# COMBINED SUMMARY
# ─────────────────────────────────────────────────────────────────────────────

def combined_summary(stage1, stage2, stage3):
    print()
    dline()
    print(bold("  COMBINED THREE-STAGE ASSESSMENT SUMMARY"))
    dline()
    print()
    background_cs_ap = 0.211
    background_cs_ip = 0.290
    background_si    = 0.120

    entries = []
    if stage1:
        p = stage1["prob_cs"]
        diff = p - background_cs_ap
        entries.append(("Stage 1 - Antepartum CS risk", p, diff, background_cs_ap, "vaginal vs CS"))
    if stage2:
        p = stage2["prob_cs"]
        diff = p - background_cs_ip
        entries.append(("Stage 2 - Intrapartum CS risk", p, diff, background_cs_ip, "vaginal vs CS"))
    if stage3:
        p = stage3["prob_si"]
        diff = p - background_si
        entries.append(("Stage 3 - Secondary infertility (5yr)", p, diff, background_si, "no SI vs SI"))

    for label, p, diff, bg, outcome_label in entries:
        bar_p  = "#" * int(p * 30)
        bar_bg = "." * int(bg * 30)
        diff_str = f"({'+' if diff >= 0 else ''}{diff:.1%} vs background)"
        col = red if diff > 0.08 else (yellow if diff > 0 else green)
        print(f"  {bold(label)}")
        print(f"    Estimated probability:  {bold(f'{p:.1%}')}  {col(diff_str)}")
        print(f"    {'Risk bar':<18}  {col(bar_p)}")
        print(f"    {'Background':<18}  {dim(bar_bg)}  {dim(f'~{bg:.0%}')}")
        print()

    print(dim("  Reference rates:"))
    print(dim("    CS (antepartum)  ~21.1%  (Betran et al. 2021, BMJ Global Health)"))
    print(dim("    CS (intrapartum) ~29.0%  (Hunt 2025; intrapartum-enriched cohort)"))
    print(dim("    Secondary infertility  ~12.6% global (Cox et al. 2023, Hum Reprod Open)"))
    print()
    dline()
    print(dim("  IMPORTANT DISCLAIMER:"))
    print(dim("  This tool is a PROOF-OF-CONCEPT trained on a synthetic,"))
    print(dim("  literature-parameterised dataset (n = 3,000). Performance metrics,"))
    print(dim("  thresholds, and risk estimates are properties of the simulation"))
    print(dim("  architecture - not empirical findings about real patients."))
    print(dim("  No clinical decisions should be made based on this score alone."))
    print(dim("  Please consult a qualified healthcare professional for clinical assessment."))
    print()


# ─────────────────────────────────────────────────────────────────────────────
# SAVE RESULTS TO JSON
# ─────────────────────────────────────────────────────────────────────────────

def save_results(stage1, stage2, stage3):
    output = {
        "tool_name": "Biopsychosocial Clinical Decision Support - Three-Stage Scoring Tool",
        "tool_version": "v4.0 (active labour duration removed)",
        "scientific_basis": {
            "stage1_model":    "CS Pipeline v5 - antepartum GradientBoosting (INTERCEPT=2.1363, runtime-calibrated)",
            "stage2_model":    "CS Pipeline v5 - intrapartum GradientBoosting (INTERCEPT=1.9801, runtime-calibrated; active_phase_hours removed)",
            "stage3_model":    "SI Pipeline v5 - LightGBM isotonic-calibrated (INTERCEPT=-8.2123)",
            "cs_target_ap":    "21.1% (Betran et al. 2021, BMJ Global Health)",
            "cs_target_ip":    "29.0% (Hunt 2025; intrapartum-enriched cohort)",
            "si_target":       "12.0% (Cox et al. 2023, Hum Reprod Open)",
            "corrections": [
                "IOL and gestational age added to Stage 1",
                "Strict temporal separation: intrapartum variables absent from Stage 1",
                "Epidural in Stage 2 only, with confounding note",
                "v4: Active labour duration REMOVED from Stage 2 entirely - "
                "temporal leakage, not known until birth",
                "SI intercept corrected - mean risk ~12% (not an earlier implausible 51.54%)",
                "'Natural birth' replaced with 'vaginal birth' throughout",
                "Contribution display uses log-odds units",
            ],
            "disclaimer": (
                "Proof-of-concept only. All models trained on a synthetic, "
                "literature-parameterised dataset. Not validated on real patients. "
                "No clinical decisions should be made on the basis of this tool alone. "
                "All outputs are properties of the simulation architecture, not "
                "empirical findings about real patients."
            ),
        },
        "stage1_antepartum":       stage1,
        "stage2_intrapartum":      stage2,
        "stage3_secondary_infertility": stage3,
    }
    fname = "scoring_results_v4.json"
    with open(fname, "w", encoding="utf-8") as f:
        json.dump(output, f, indent=2, ensure_ascii=False)
    print(green(f"  Results saved to: {fname}"))


# ─────────────────────────────────────────────────────────────────────────────
# MAIN
# ─────────────────────────────────────────────────────────────────────────────

BANNER = """
+======================================================================+
|   BIOPSYCHOSOCIAL CLINICAL DECISION SUPPORT - THREE-STAGE TOOL      |
|   Stage 1: Antepartum CS Risk  |  Stage 2: Intrapartum CS Risk      |
|   Stage 3: Secondary Infertility Risk (5-year postpartum)           |
+======================================================================+
|   PROOF-OF-CONCEPT ON SYNTHETIC DATA - NOT FOR CLINICAL USE         |
+======================================================================+
"""

MENU = """
  Which stage(s) would you like to complete?

    1.  Stage 1 only  - Antepartum CS risk (antenatal counselling)
    2.  Stage 2 only  - Intrapartum CS risk (active labour)
    3.  Stage 3 only  - Secondary infertility risk (postpartum)
    4.  Stages 1 + 2  - Full delivery mode assessment
    5.  Stages 1 + 3  - Antenatal + postpartum fertility
    6.  All stages    - Complete three-stage assessment
    Q.  Quit
"""


def main():
    print(bold(BANNER))
    print(dim("  Scientific basis:"))
    print(dim("  - CS Pipeline v5  |  WHO CS rate 21.1% antepartum (Betran 2021)"))
    print(dim("  - CS Pipeline v5  |  intrapartum-enriched rate 29.0% (Hunt 2025)"))
    print(dim("  - SI Pipeline v5  |  SI rate 12.0% (Cox 2023, Hum Reprod Open)"))
    print(dim("  - Coefficients: Tun 2022; Hunt 2025; Ma 2025; Al-Omari 2026;"))
    print(dim("    Guo 2019; Hooker 2014; Storksen 2013; Laursen 2009; Cox 2023"))
    print()
    print(MENU)

    while True:
        choice = input(f"  {bold('Select')} (1/2/3/4/5/6/Q): ").strip().upper()
        if choice in ("1","2","3","4","5","6","Q"):
            break

    if choice == "Q":
        print(dim("  Exiting. Thank you."))
        return

    stage1, stage2, stage3 = None, None, None

    run_s1 = choice in ("1","4","5","6")
    run_s2 = choice in ("2","4","6")
    run_s3 = choice in ("3","5","6")

    if run_s1:
        stage1 = run_antepartum()

    if run_s2:
        stage2 = run_intrapartum()

    if run_s3:
        stage3 = run_secondary_infertility()

    if sum([run_s1, run_s2, run_s3]) > 1:
        combined_summary(stage1, stage2, stage3)
    else:
        print()
        dline()
        print(dim("  Assessment complete."))
        dline()

    if stage1 or stage2 or stage3:
        print()
        save_choice = input(dim("  Save all results to JSON file? (y/N): ")).strip().lower()
        if save_choice == "y":
            save_results(stage1 or {}, stage2 or {}, stage3 or {})

    print()
    print(dim("  Thank you for using the biopsychosocial scoring tool."))
    print(dim("  Please discuss all findings with a qualified healthcare professional."))
    print()


if __name__ == "__main__":
    main()
