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@author: Mohammad Mohammadiaria
"""

# -*- coding: utf-8 -*-
"""
Hybrid mechanistic–LSTM pipeline with GEO + GPL mapping + PCA fallback
/PhotosynthesisHybridModel_CodeRelease/
│── 1_Mechanistic_ODE_Model/
│   └── Plant_Physiology_Model.py
│── 2_LSTM_Training/
│   ├── train_LSTM.py
│   ├── synthetic_photosynthesis_LSTM_split.npz
│   └── lstm_photosynthesis_model.pt
│── 3_Validation/
│   ├── external_validation.py
│   └── pca_scores_external.csv
│── 4_Datasets/
│   ├── synthetic_photosynthesis_timeseries.xlsx
│   └── gene_set_scores.csv (optional)
│── 5_Figures_and_Notebooks/
│   └── Plot_Reconstruction.ipynb
│── README.md   ← REQUIRED

- Load GEO SOFT (GSE*) files
- Load GPL platform files (GPL8455, GPL8850, ...)
- Map probe IDs -> gene symbols if possible
- If mapping fails: fallback to PCA latent scores (6 PCs)
- Generate mechanistic trajectories (J_C, Fv/Fm, ROS)
- Train LSTM to predict [J_C, Fv/Fm, ROS] from env + latent scores
- SAVE:
    * PCA latent scores (train + external)
    * Synthetic trajectories (X, Y)
    * LSTM train/val split
    * Trained LSTM model (state dict + meta)
"""

import gzip
from pathlib import Path

import numpy as np
import pandas as pd

import torch
from torch import nn
from torch.utils.data import Dataset, DataLoader
from sklearn.model_selection import train_test_split
from sklearn.decomposition import PCA
from sklearn.impute import SimpleImputer

# ============================================================
# 0. CONFIG
# ============================================================

BASE_DIR = Path(r"C:\Voc\PythonCodes\New folder (3)\New folder (2)")

soft_paths_train = [
    BASE_DIR / "GSE17074_family.soft.gz",
    BASE_DIR / "GSE36040_family.soft.gz",
    BASE_DIR / "GSE8365_family.soft.gz",
]

soft_paths_valid = [
    BASE_DIR / "GSE43927_family.soft.gz",   # external validation dataset
]

# Current GPL files available (for diagnostics)
gpl_paths = [
    BASE_DIR / "GPL8455_family.soft.gz",
    BASE_DIR / "GPL8850_family.soft.gz",
    BASE_DIR / "GPL1261.annot.gz",
]

device = torch.device("cuda" if torch.cuda.is_available() else "cpu")
print("Using device:", device)

np.random.seed(42)
torch.manual_seed(42)

# ============================================================
# 1. GPL annotation parser(s)
# ============================================================

def parse_GPL_annot(
    gpl_annot_file: Path,
    id_cols=("ID", "ID_REF"),
    symbol_cols=("Gene Symbol", "GENE_SYMBOL", "Symbol", "SYMBOL"),
):
    """
    Robust parser for GPL*.annot(.gz) files -> {probe_id: gene_symbol}
    """
    if gpl_annot_file.suffix == ".gz":
        opener = gzip.open
        mode = "rt"
    else:
        opener = open
        mode = "r"

    try:
        with opener(gpl_annot_file, mode, encoding="utf-8", errors="ignore") as f:
            anno = pd.read_csv(
                f,
                sep="\t",
                comment="#",
                dtype=str,
                engine="python",
                on_bad_lines="skip",
            )
    except Exception as e:
        print(f"[WARN] Could not parse {gpl_annot_file.name} as TSV: {e}")
        print("       Skipping this GPL annotation file.")
        return {}

    anno.columns = [c.strip() for c in anno.columns]

    id_col = None
    sym_col = None
    for c in id_cols:
        if c in anno.columns:
            id_col = c
            break
    for c in symbol_cols:
        if c in anno.columns:
            sym_col = c
            break

    if id_col is None or sym_col is None:
        print(
            f"[WARN] No suitable ID/symbol columns in {gpl_annot_file.name}. "
            f"Columns: {anno.columns.tolist()}"
        )
        return {}

    anno = anno[[id_col, sym_col]].dropna()
    anno[id_col] = anno[id_col].astype(str)
    anno[sym_col] = anno[sym_col].astype(str)

    anno[sym_col] = anno[sym_col].str.strip()
    anno = anno[anno[sym_col] != ""]

    mapping = dict(zip(anno[id_col], anno[sym_col]))
    print(f"{gpl_annot_file.name}: mapped {len(mapping)} probe → gene_symbol entries (annot)")
    return mapping


def parse_GPL_soft(gpl_file: Path):
    """
    Parse GPL*_family.soft.gz to get probe -> gene_symbol mapping.
    """
    mapping = {}
    with gzip.open(gpl_file, "rt", encoding="utf-8", errors="ignore") as f:
        in_table = False
        header = None
        for line in f:
            line = line.rstrip("\n")

            if line.startswith("!platform_table_begin"):
                in_table = True
                header = None
                continue
            if line.startswith("!platform_table_end"):
                break

            if in_table:
                if header is None:
                    header = line.split("\t")
                    continue
                parts = line.split("\t")
                if len(parts) != len(header):
                    continue
                row = dict(zip(header, parts))

                probe = row.get("ID") or row.get("ID_REF")
                symbol = (
                    row.get("Gene Symbol")
                    or row.get("GENE_SYMBOL")
                    or row.get("Symbol")
                    or row.get("SYMBOL")
                )
                if probe and symbol:
                    symbol = symbol.split(" /// ")[0].strip()
                    if symbol not in ["", "-", "NA"]:
                        mapping[probe] = symbol

    print(f"{gpl_file.name}: mapped {len(mapping)} probe → gene_symbol entries (SOFT)")
    return mapping


def build_probe_to_symbol_mapping(gpl_paths):
    mapping_all = {}
    for p in gpl_paths:
        if not p.exists():
            print(f"Warning: GPL file not found: {p}")
            continue
        if "family.soft" in p.name:
            m = parse_GPL_soft(p)
        else:
            m = parse_GPL_annot(p)
        mapping_all.update(m)
    print("TOTAL probe → symbol mappings:", len(mapping_all))
    return mapping_all

# ============================================================
# 2. Parse SOFT -> expression matrices
# ============================================================

def parse_soft_expression(soft_path: Path):
    """
    Parse GEO GSE*_family.soft.gz -> expr_df (probes x samples), meta_df (samples x metadata)
    """
    samples = []
    data_tables = []
    current_sample = None
    in_table = False
    table_header = None
    table_rows = []

    with gzip.open(soft_path, "rt", encoding="utf-8", errors="ignore") as f:
        for line in f:
            line = line.rstrip("\n")

            if line.startswith("^SAMPLE"):
                if current_sample is not None and table_rows:
                    df = pd.DataFrame(table_rows, columns=table_header)
                    df["sample_id"] = current_sample["id"]
                    data_tables.append(df)
                    table_rows = []
                current_sample = {"id": line.split(" = ")[-1], "meta": {}}
                samples.append(current_sample)
                in_table = False
                table_header = None
                continue

            if current_sample is None:
                continue

            if line.startswith("!Sample_title"):
                current_sample["meta"]["title"] = line.split(" = ", 1)[-1]
            elif line.startswith("!Sample_characteristics_ch1"):
                key_val = line.split(" = ", 1)[-1]
                current_sample["meta"].setdefault("characteristics", []).append(key_val)

            if line.startswith("!sample_table_begin"):
                in_table = True
                table_header = None
                table_rows = []
                continue

            if line.startswith("!sample_table_end"):
                in_table = False
                if current_sample is not None and table_rows:
                    df = pd.DataFrame(table_rows, columns=table_header)
                    df["sample_id"] = current_sample["id"]
                    data_tables.append(df)
                    table_rows = []
                continue

            if in_table:
                if table_header is None:
                    table_header = line.split("\t")
                else:
                    parts = line.split("\t")
                    if len(parts) == len(table_header):
                        table_rows.append(parts)

    if not data_tables:
        raise ValueError(f"No expression tables found in {soft_path}")

    df_all = pd.concat(data_tables, ignore_index=True)
    first_col = df_all.columns[0]
    expr_col = df_all.columns[1]

    df_all[expr_col] = pd.to_numeric(df_all[expr_col], errors="coerce")

    expr_df = df_all.pivot_table(
        index=first_col,
        columns="sample_id",
        values=expr_col,
        aggfunc="mean",
    )

    expr_df = expr_df.apply(pd.to_numeric, errors="coerce")
    expr_df = expr_df.dropna(how="all", axis=0)

    meta_records = []
    for s in samples:
        meta_records.append(
            {
                "sample_id": s["id"],
                "title": s["meta"].get("title", ""),
                "characteristics": "; ".join(s["meta"].get("characteristics", [])),
            }
        )
    meta_df = pd.DataFrame(meta_records).set_index("sample_id")

    return expr_df, meta_df


def load_multiple_soft(soft_paths):
    expr_list = []
    meta_list = []
    for path in soft_paths:
        print(f"Parsing SOFT: {path}")
        expr_df, meta_df = parse_soft_expression(path)
        expr_list.append(expr_df)
        meta_df["dataset"] = path.stem
        meta_list.append(meta_df)

    expr_all = pd.concat(expr_list, axis=1, join="outer")
    meta_all = pd.concat(meta_list, axis=0)
    return expr_all, meta_all


expr_train, meta_train = load_multiple_soft(soft_paths_train)
expr_valid, meta_valid = load_multiple_soft(soft_paths_valid)

print("Train expr shape (probes x samples):", expr_train.shape)
print("Valid expr shape (probes x samples):", expr_valid.shape)
print("Example probe IDs (train):", expr_train.index[:10].tolist())

# ============================================================
# 3. Probe → symbol mapping (diagnostic)
# ============================================================

probe_to_symbol = build_probe_to_symbol_mapping(gpl_paths)

probes_with_symbol = expr_train.index.intersection(pd.Index(probe_to_symbol.keys()))
print(
    f"Probes in train that have a symbol mapping: "
    f"{len(probes_with_symbol)} / {expr_train.shape[0]}"
)

use_pca = False

if len(probes_with_symbol) == 0:
    print(
        "[WARN] 0 probes from the expression matrices could be mapped to gene symbols.\n"
        "       Falling back to PCA on probe-level expression."
    )
    use_pca = True
else:
    # gene-symbol path 
    raise NotImplementedError("Gene-symbol path not used in this configuration.")

# ============================================================
# 4. PCA latent scores
# ============================================================

def compute_pca_scores(expr_train, expr_valid, n_components=6):
    """
    PCA on combined train+valid expression (probe-level).
    - Align probes
    - Force numeric
    - Drop all-NaN probes
    - Impute remaining NaNs with column-wise mean
    """
    common_probes = expr_train.index.intersection(expr_valid.index)
    if len(common_probes) == 0:
        raise ValueError("No common probes between train and valid for PCA.")

    expr_train_c = expr_train.loc[common_probes]
    expr_valid_c = expr_valid.loc[common_probes]

    expr_all = pd.concat([expr_train_c, expr_valid_c], axis=1, join="inner")
    expr_all = expr_all.apply(pd.to_numeric, errors="coerce")
    expr_all = expr_all.dropna(how="all", axis=0)
    if expr_all.shape[0] == 0:
        raise ValueError("After dropping all-NaN probes, no probes remain for PCA.")

    X_all = expr_all.T.values

    imputer = SimpleImputer(strategy="mean")
    X_all_imp = imputer.fit_transform(X_all)
    if np.isnan(X_all_imp).any():
        X_all_imp = np.nan_to_num(X_all_imp, nan=0.0)

    print(f"Running PCA on expression: X shape = {X_all_imp.shape}, n_components = {n_components}")
    pca = PCA(n_components=n_components)
    Z_all = pca.fit_transform(X_all_imp)

    n_train = expr_train_c.shape[1]
    Z_train = Z_all[:n_train, :]
    Z_valid = Z_all[n_train:, :]

    colnames = ["rep", "antiox", "Calvin", "NPQ", "photo", "clock"][:n_components]

    scores_train = pd.DataFrame(
        Z_train,
        index=expr_train_c.columns,
        columns=colnames,
    )
    scores_valid = pd.DataFrame(
        Z_valid,
        index=expr_valid_c.columns,
        columns=colnames,
    )

    return scores_train, scores_valid


if use_pca:
    scores_train, scores_valid = compute_pca_scores(expr_train, expr_valid, n_components=6)
else:
    raise RuntimeError("This run is configured to use PCA fallback only.")

print("Train scores shape:", scores_train.shape)
print("Valid scores shape:", scores_valid.shape)
print(scores_train.head())

# Also save the PCA latent scores (for documentation / reuse)
scores_train.to_csv(BASE_DIR / "pca_scores_train.csv")
scores_valid.to_csv(BASE_DIR / "pca_scores_external.csv")

# ============================================================
# 5. Mechanistic model: latent → parameters → trajectories
# ============================================================

def map_scores_to_params(row):
    params = {
        "k_APX0": 1.0,
        "alpha_rep0": 1.0,
        "Jmax0": 1.0,
        "k_NPQ0": 0.5,
    }
    params["k_APX"] = params["k_APX0"] * (1.0 + 0.5 * row.get("antiox", 0.0))
    params["alpha_rep"] = params["alpha_rep0"] * (1.0 + 0.5 * row.get("rep", 0.0))
    params["Jmax"] = params["Jmax0"] * (1.0 + 0.5 * row.get("Calvin", 0.0))
    params["k_NPQ"] = params["k_NPQ0"] * (1.0 + 0.5 * row.get("NPQ", 0.0))
    return params


def simulate_mechanistic_trajectory(params, env_profile, t_points=50):
    t = np.linspace(0, 1, t_points)

    I0 = env_profile.get("I", 600.0)
    T0 = env_profile.get("T", 25.0)
    W0 = env_profile.get("W", 0.8)
    CO20 = env_profile.get("CO2", 400.0)

    I = I0 * (1 + 0.2 * np.sin(2 * np.pi * t))
    T = T0 + 5 * np.sin(2 * np.pi * t)
    W = W0 * np.ones_like(t)
    CO2 = CO20 * np.ones_like(t)

    ROS = (I / 1000.0) * (T / 25.0) / (params["k_APX"] + 0.1)
    damage = ROS / (params["alpha_rep"] + 0.1)
    FvFm = 0.83 * np.exp(-0.5 * damage)

    CO2_factor = 1.0 / (1.0 + np.exp(-(CO2 - 300.0) / 50.0))
    J_C = params["Jmax"] * FvFm * CO2_factor

    env_mat = np.stack([I, T, W, CO2], axis=-1)
    target_mat = np.stack([J_C, FvFm, ROS], axis=-1)
    return t, env_mat, target_mat


def build_grounded_dataset(scores_df, meta_df, t_points=50):
    X_list, Y_list = [], []
    for sample_id in scores_df.index:
        row = scores_df.loc[sample_id]

        # squash PCA latent amplitudes to avoid huge parameter excursions
        row_clamped = np.tanh(row / 3.0)   # ~[-1, 1]

        params = map_scores_to_params(row_clamped)

        env_profile = {"I": 600.0, "T": 30.0, "W": 0.6, "CO2": 400.0}

        _, env_mat, target_mat = simulate_mechanistic_trajectory(
            params, env_profile, t_points=t_points
        )

        gs = row_clamped.values.astype(float)
        gs_broadcast = np.repeat(gs[None, :], t_points, axis=0)

        X = np.concatenate([env_mat, gs_broadcast], axis=-1)
        Y = target_mat
        X_list.append(X)
        Y_list.append(Y)

    return X_list, Y_list


X_train_list, Y_train_list = build_grounded_dataset(scores_train, meta_train, t_points=50)
X_valid_list, Y_valid_list = build_grounded_dataset(scores_valid, meta_valid, t_points=50)

print("Num train sequences:", len(X_train_list))
print("Num valid sequences:", len(X_valid_list))

# ============================================================
# 6. PyTorch Dataset + LSTM (standardized Y)
# ============================================================

class TimeSeriesDataset(Dataset):
    def __init__(self, X_list, Y_list):
        self.X_list = X_list
        self.Y_list = Y_list

    def __len__(self):
        return len(self.X_list)

    def __getitem__(self, idx):
        X = torch.tensor(self.X_list[idx], dtype=torch.float32)
        Y = torch.tensor(self.Y_list[idx], dtype=torch.float32)
        return X, Y


X_tr, X_val, Y_tr, Y_val = train_test_split(
    X_train_list, Y_train_list, test_size=0.2, random_state=42
)

train_ds = TimeSeriesDataset(X_tr, Y_tr)
val_ds   = TimeSeriesDataset(X_val, Y_val)
extval_ds = TimeSeriesDataset(X_valid_list, Y_valid_list)

train_loader   = DataLoader(train_ds, batch_size=8, shuffle=True)
val_loader     = DataLoader(val_ds,   batch_size=8, shuffle=False)
extval_loader  = DataLoader(extval_ds, batch_size=8, shuffle=False)

input_size = X_train_list[0].shape[-1]
output_size = 3  # [J_C, FvFm, ROS]

class LSTMModel(nn.Module):
    def __init__(self, input_size, hidden_size=16, num_layers=1, output_size=3):
        super().__init__()
        self.lstm = nn.LSTM(input_size, hidden_size, num_layers=num_layers, batch_first=True)
        self.fc   = nn.Linear(hidden_size, output_size)

    def forward(self, x):
        out, _ = self.lstm(x)
        out = self.fc(out)
        return out


model = LSTMModel(input_size=input_size, hidden_size=16, output_size=output_size).to(device)
criterion = nn.MSELoss()
optimizer = torch.optim.Adam(model.parameters(), lr=5e-4)

# ---- compute Y mean/std over ALL train sequences & timepoints
Y_all = np.concatenate([y.reshape(-1, 3) for y in Y_train_list], axis=0)
y_mean_np = Y_all.mean(axis=0)
y_std_np  = Y_all.std(axis=0) + 1e-8

y_mean = torch.tensor(y_mean_np, dtype=torch.float32, device=device)
y_std  = torch.tensor(y_std_np,  dtype=torch.float32, device=device)

print("Y mean (J_C, FvFm, ROS):", y_mean_np)
print("Y std  (J_C, FvFm, ROS):", y_std_np)

def run_epoch(loader, model, optimizer=None, y_mean=None, y_std=None):
    """
    Train/eval on standardized Y (subtract mean, divide by std).
    Returns average MSE in standardized units.
    """
    if optimizer is None:
        model.eval()
    else:
        model.train()

    total_loss = 0.0
    with torch.set_grad_enabled(optimizer is not None):
        for X, Y in loader:
            X = X.to(device)
            Y = Y.to(device)

            Y_norm = (Y - y_mean) / y_std
            pred_norm = model(X)
            loss = criterion(pred_norm, Y_norm)

            if optimizer is not None:
                optimizer.zero_grad()
                loss.backward()
                optimizer.step()

            total_loss += loss.item() * X.size(0)

    return total_loss / len(loader.dataset)


def evaluate_r2(loader, model, y_mean, y_std):
    """
    Compute R² in the ORIGINAL Y scale.
    """
    model.eval()
    all_true = []
    all_pred = []
    with torch.no_grad():
        for X, Y in loader:
            X = X.to(device)
            Y = Y.to(device)
            pred_norm = model(X)
            pred = pred_norm * y_std + y_mean

            all_true.append(Y.cpu().numpy())
            all_pred.append(pred.cpu().numpy())

    true = np.concatenate(all_true, axis=0).reshape(-1, 3)
    pred = np.concatenate(all_pred, axis=0).reshape(-1, 3)

    ss_res = np.sum((true - pred) ** 2, axis=0)
    ss_tot = np.sum((true - true.mean(axis=0)) ** 2, axis=0)
    r2 = 1 - ss_res / (ss_tot + 1e-8)
    return r2

# ============================================================
# 7. Train + Evaluate (early stopping)
# ============================================================

n_epochs = 50
best_val = float("inf")
best_state = None
patience = 10
wait = 0

for epoch in range(1, n_epochs + 1):
    train_loss = run_epoch(train_loader, model, optimizer, y_mean, y_std)
    val_loss   = run_epoch(val_loader,   model, optimizer=None, y_mean=y_mean, y_std=y_std)
    print(f"Epoch {epoch:02d} | train MSE (std Y): {train_loss:.4f} | val MSE (std Y): {val_loss:.4f}")

    if val_loss < best_val - 1e-4:
        best_val = val_loss
        best_state = model.state_dict()
        wait = 0
    else:
        wait += 1
        if wait >= patience:
            print(f"Early stopping at epoch {epoch} (no improvement for {patience} epochs).")
            break

if best_state is not None:
    model.load_state_dict(best_state)

extval_loss = run_epoch(extval_loader, model, optimizer=None, y_mean=y_mean, y_std=y_std)
print(f"\nExternal validation MSE (std Y): {extval_loss:.4f}")

r2_int = evaluate_r2(val_loader,    model, y_mean, y_std)
r2_ext = evaluate_r2(extval_loader, model, y_mean, y_std)
print("Internal R2 (J_C, FvFm, ROS):", r2_int)
print("External R2 (J_C, FvFm, ROS):", r2_ext)

# ============================================================
# 8. SAVE synthetic data + trained model
# ============================================================

# 8.1 Full synthetic dataset (before train/val split)
X_train_all = np.stack(X_train_list, axis=0)   # (N_train_samples, T, input_size)
Y_train_all = np.stack(Y_train_list, axis=0)   # (N_train_samples, T, 3)
X_ext_all   = np.stack(X_valid_list, axis=0)   # (N_ext_samples, T, input_size)
Y_ext_all   = np.stack(Y_valid_list, axis=0)   # (N_ext_samples, T, 3)

np.savez(
    BASE_DIR / "synthetic_photosynthesis_full.npz",
    X_train=X_train_all,
    Y_train=Y_train_all,
    X_external=X_ext_all,
    Y_external=Y_ext_all,
    y_mean=y_mean_np,
    y_std=y_std_np,
    # Note: time axis is always linspace(0, 1, T)
)

# 8.2 Dataset actually used for LSTM (train/val split)
X_tr_arr  = np.stack(X_tr, axis=0)
Y_tr_arr  = np.stack(Y_tr, axis=0)
X_val_arr = np.stack(X_val, axis=0)
Y_val_arr = np.stack(Y_val, axis=0)

np.savez(
    BASE_DIR / "synthetic_photosynthesis_LSTM_split.npz",
    X_train_split=X_tr_arr,
    Y_train_split=Y_tr_arr,
    X_val_split=X_val_arr,
    Y_val_split=Y_val_arr,
    y_mean=y_mean_np,
    y_std=y_std_np,
)

# 8.3 Trained LSTM model (state dict + meta)
model_path = BASE_DIR / "lstm_photosynthesis_model.pt"
torch.save(
    {
        "model_state": model.state_dict(),
        "input_size": input_size,
        "output_size": output_size,
        "hidden_size": 16,
        "num_layers": 1,
        "y_mean": y_mean_np,
        "y_std": y_std_np,
    },
    model_path,
)

print("\nSaved synthetic datasets and model to:")
print("  -", BASE_DIR / "pca_scores_train.csv")
print("  -", BASE_DIR / "pca_scores_external.csv")
print("  -", BASE_DIR / "synthetic_photosynthesis_full.npz")
print("  -", BASE_DIR / "synthetic_photosynthesis_LSTM_split.npz")
print("  -", model_path)
