


import pandas as pd
import numpy as np

from sklearn.preprocessing import StandardScaler

#dataset
df = pd.read_csv("datasetl3.csv™)

#Fix column names
df.columns = df.columns.str.strip().str.replace(’'\t', '")

#Convert types
df[ 'Return on Equity'] = pd.to_numeric(df[’'Return on Equity'], errors=‘coerce')

#Sort by company and time
df = df.sort_values(by=['CO_ID', 'Year', "Quarter'])

#5elect features and target

features = |
‘Return on Assets', ‘Return on Capital®, ‘Return on Equity’,
‘Return on Common Equity®, ‘Gross Profit Margin', 'EBITA Margin®,
'EBIT Margin', "Net Income Margin', ‘Asset Turnover', 'Current Ratio®,
‘Debt / Equity', ‘Long Term Debt / Captial’', 'Book Value Per Share®

]

target = 'Stock Return®

#Fill missing values per company
df[features] = df.groupby('CO_ID')[features].transform{lambda g: g.ffill().bfill())

# Normalize
scaler = Standardscaler()
df[features] = scaler.fit_transform(df[features])

# Check if missing values remain
df[features].isnull().sum()

Return on Assets
Return on Capital
Return on Equity
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X all, y all = [], []
window_size = 16
target_offset = 1

for _, group in df.groupby('CO_ID"):
X = group[features].values
y = group[target].values
for i in range(len(X) - window_size - target offset + 1):
X_all.append(X[i:i+window_size])
y_all.append(y[i+window_size+target offset-1])

import torch
X_tensor = torch.tensor(np.array(X_all), dtype=torch.float32)
y_tensor = torch.tensor(np.array(y_all), dtype=torch.float32).view(-1, 1)

from torch.utils.data import Dataset, Dataloader

class FinancialDataset(Dataset):
def _ init_ (self, X, y):
self.X = X
self.y = y

def _ len_ (self):
return len(self.X)

def _ getitem_  (self, idx):
return self.X[idx], self.y[idx]

dataset = FinancialDataset(X_ tensor, y_ tensor)
train_loader = Dataloader(dataset, batch_size=16, shuffle=True)

from torch.utils.data import random_split, Dataloader

# Step 1: Split into training and validation sets
total size = len(dataset)

train_size = int(@.8 * total_size)

val_size = total size - train_size

train_dataset, wval_dataset = random split(dataset, [train_size, wval_size])
# Step 2: Create Dataloaders

train_loader = Dataloader(train_dataset, batch_size=16, shuffle=True)
val loader = Dataloader(val_dataset, batch_size=16, shuffle=False)

# e ———
# HYPERPARAMETERS

B e e

input_dim = 13 # Number of input features

hidden_dim = 64 # LSTM hidden size
num_layers = 2 # Number of LSTM Layers
dropout = 8.2 # Dropout rate
learning_rate = 0.08@5 # « Try reducing from @.891
batch_size = 16 # Batch size for training
#

num_epochs = 3@ Number of training epochs



from torch.utils.data import Dataset, Dataloader

class FinancialDetaset(Dataset):
def _ imit (self, X, ¥):z
self.¥ = X
self.y = y

def _ len_ {self):
return leniself.x}

def _petitem_ (self, didx):
return self.X[idx], self.y[idx}

dataset = FinancialDataset{X_tensaor, y_tensar)
train_loader = Dataloader{dataset, batch_size=16, shuffle=True)

from torch.utils.data import random_split, Dataloader
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# Step 1: Split into training and wvolidotion
total_size = len{dataset)

train_size = int{8.8 * total_size)

val size = total size - train_size

train_dataset, val_dataset = random_split{dataset, [traim.size, wal size])

® Etep 2: Create Dotolooders
train_loader = DataLoader(train_dataset, batch_size=1&, shuffle=True)
val_loader = Dataloader({wal_dataset, batch_size=1&, shuffle=False)

from torch.utils.data import Dataset, Dataloader

class FinancialDataset(Dataset):
def _ init_ (self, X, y):
self.X = X
self.y = y

def _ len_ (self):
return len(self.X)

def _ getitem (self, idx):
return self.X[idx], self.y[idx]

dataset = FinancialDataset(X_tensor, y_tensor)
train_loader = Dataloader(dataset, batch_size=16, shuffle=True)

from torch.utils.data import random_split, Dataloader

#training and validation sets
total_size = len(dataset)
train_size = int(@.8 * total_size)
val_size = total size - train_size

train_dataset, val dataset = random_split(dataset, [train_size, val size])
#Create Dataloaders

train_loader = Dataloader(train_dataset, batch_size=16, shuffle=True)
val loader = DatalLoader(val_dataset, batch_size=16, shuffle=False)
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# HYPERPARAMETERS
- S LT T
input_dim = 13 # Number of input features
hidden_dim = 64 # LSTM hidden size
num_layers = 2 # Number af LSTM lLayers
dropout = 8.2 # Dropout rate
learning_rate = 0.00085 # <« Try reducing from @.601
batch_size = 16 #

#

num_epochs = 3@

Batch size for training

Number of training epachs
import torch.nn as nn

class LSTMRegressor(nn.Module):
def _ init (self, input_dim, hidden_dim, num_layers, dropout):
super()._ init_ ()
self.lstm = nn.LSTM(input_dim, hidden_dim, num_layers, dropout=dropout, batch_first=True)
self.fc = nn.Linear(hidden_dim, 1)

def forward(self, x):
out, _ = self.lstm(x)
return self.fc(out[:, -1, :]) # Last time step

total size = len{dataset)
train_size = int{@8.2 * total sizo)
val size = total sire - Train size

train dataset, val dataset - random split(datasot, [Train_ size, wal sizc])
train_lpoader = Datalcader(train dataszet, batch size-batch size, shuffle=Trose)
val_loader = Dataloader(val datacset, batch_sire<batch sire shofflesFalze)

model = LS TMRegressor(inpat. dim, hiddes din, nuoe-layers, dropost)
criterion = mn MSELoss{)

mao criterion = nn.llicss()

aptimizor - torch.cotin.ddan{nodel.pararncters(), lr-lcarning rate)

scheduler = tarchioptim. lr scheduler. Stepli{eptizizer, step size=18, gamnas@_ b}

train losses, wal losses =

# Training and validation
for epoch im range(num_epochs):
model.train()
train_loss = @
for X_batch, y_batch in train_loader:
optimizer.zero_grad()
y_pred = model(X_batch)
loss = criterion(y_pred, y_batch)
loss.backward()
optimizer.step()

train_loss += loss.item()

# Validation
model.eval()
val loss = @
with torch.no_grad():
for X_val, y_val in val_loader:
y_val_pred = model(X_val)
val_loss += criterion(y_wval pred, y wval).item()

#Average losses
train_loss /= len(train_loader)
val_loss /= len(val_loader)

val_mae = @
with torch.no_grad():
for X_val, y_val in val_loader:

y_val_pred = model(X_val)

val_loss += criterion(y_val pred, y val).item()
val mae += nn.llloss()(y_val _pred, y val).item()
# Average both
val loss /= len(val_loader)
val_mae /= len(val_loader)
print(f"Epoch {epoch+1}: Train Loss = {train_loss:.4f}, Val Loss = {val loss:.4f}, Val MAE = {val mae:.4f}")

#print(f"Epoch {epoch+1}: Train Loss = {train_loss:.4f}, Val Loss = {val loss:.4f}")

Epoch 3@8: Train Loss = 314.9698, Val Loss = 417.7378@, Val MAE = 13.7248



dimport nurpy as ng
import smatplotlib.pyplot as plt

& Switch sodel to evoluotiaor mode

medel. owal()

actwals, predictions = [J. []

& tict predictions on the walidation see
with torch.ne_grad{):
#or x wal, y val in val lpadar:
y_pred = model{x val)
actuals.extend{y_val.wicw{-1}.tolist(})
predictions.extond(y_predoview(-1} tolist())

& Coavert 2 Moy arroys
actuwals = mp.arraylactuals)
pradictions = npoarray{predictions )

# Compuic MAE

man = np.ecan(ng abs{actuals - predictions))

& Compate MAPE with epsilon to oeodd divisian by &
mape - np.mean{np.abs({actuals - predictions) f {actuals + Io-8))) * 0@

# Optiamal; ptot octwdl vs prodicted
ple.figuere(figsizca(18, 5))
plt.plot(actuals, Iabel-'Arcrual')
plt.plot{predictions, label-'Fredicted”)
plt.title{"L5TH Evaluation’)

pit wlabel(*Sample'’)

plt.ylabel( 'Stock Return')

plt. logend( )

plt.grid(True}
plt.tight_layout()

plt shaw)
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X_all, y all = [1, [1

window_size = 8
target_offset =

1

for _, group in df.groupby('CO_ID"):
¥ = group[features].values
y = group[target].values
for 1 in range(len(X) - window_size - target_offset + 1):
X_all.append(X[i:i+window_size])
y_all.append(y[i+window_size+target_offset-1])

import torch

X_tensor = torch.tensor(np.array(X_all), dtype=torch.float32)
y_tensor = torch.tensor({np.array{y_all), dtype=torch.fleat32).view(-1, 1)

y_tensor = (y_tensor > 8).float(}




#binary claossification method

input_dim = 13
hidden_dim = &4
num_layers = 2
dropout = @.2
learning_rate = 0.@085
batch_size = 16
num_epochs = 3@

#Dataset

class FinancialDataset(torch.utils.data.Dataset):
def __init_ (self, X, y):
self.X = X
self.y = y
def _ len_ (self):
return len{self.X)
def _ petitem_ (zelf, idw):
return self.X[idx], self.y[idx]

dataset = FinancialDataset(X_tensor, y_tensor)

#Train/Val Split

total_size = len{dataset)
train_size = int(@.8 * total_size)
val_size = total_size - train_size

train_dataset, val_dataset = random_split{dataset, [train_size, wval_size])
train_loader = Dataloader{train_dataset, batch_size=batch_size, shuffle=True)
val_loader = Dataloader({val_dataset, batch_size=batch_size, shuffle=False)



#L5TM Classifier Model

class LSTMClassifier(nn.Module):

def __init_ (self, input_dim, hidden_dim, num_layers, dropout}:

super().__init_ (}

self.lstm =

self.fc = nn.Sequentiall
nn.Linear({hidden_dim, 1},
nn.Sigmoid()

def forward(self, x):
out, _ = self.lstmi{x)
return self.fc(out[:, -1,

:1)  # output shape:

model =

# loss, Optimizer, Scheduler

[batch_size, 1]

L5TMClassifier{input_dim, hidden_dim, num_layers, dropout)

criterion = nn.BCELozs()
optimizer = torch.optim.Adam{model.parameters{), lr=learning_rate}
scheduler = torch.optim.lr_scheduler.SteplR(optimizer, step_size=18, gamma=8.5)

[1, [1, I1

train_losses, wal_losses, val_accuracies =

#Training

for epoch in range{num_epochs):

madel.train()

train_loss = @

for X_batch, y_batch in train_loader:
optimizer.zero_grad()
y_pred = model(¥_batch)
loss = criterion(y_pred, y_batch.view{-1, 1))
loss.backward()
optimizer.step()
train_loss += loss.item()

train_less /= len{train_loader)

# Validation
model.eval()
val loss = @
correct = @
total = @
with torch.no grad():
for ¥_wval, y_val in wval_loader:

y_wal_pred = model(X val) # [8, 1]

val_loss += criterion(y_val_pred, y_val.view(-1, 1)).item{)

preds = (y wal pred » @.5).float()
correct += (preds == y val.view(-1, 1)).sum{).item()
total += y_wal.size(B)

val_loss /= len{val_loader)
val acc = correct / total

train_losses.append{train_loss)
val_losses.append(val_loss)
val_accuracies.append{val_acc)
scheduler.step()

Train Loss = [train_loss:.4f}, Val Loss

print{f"Epoch {epoch+1}:

plt.figure(figsize=(12, 5})

{wal_loss:.4f}, Val Accuracy

nn.LSTM{input_dim, hidden_dim, num_layers, dropout=dropout, batch_first=True)

{wal_acc:.2%}1")



print{f"Epoch {epoch+1}: Train Loss = {train_loss:.4f}, Val loss = {val_loss:.4f}; Val Accuracy = {val_acc:.2X}")
plt.figure(figsize={12, 5))

plt.subplot(1, 2, 1)

plt.plet{train_losses, label="Train Loss')
plt.plot{val_losses, label='validation Loss')
plt.xlabel{"Epoch")

plt.ylabel{'Loss')

plt.title( Binary Cross-Entropy Loss')
plt.legend(}

plt.grid({True}

plt.subplot(1, 2, 2)

plt.plot(val accuracies, label="validation Accuracy'}
plt.xlabel{"Epoch')

plt.ylabel{ 'Accuracy')

plt.title('validation Accuracy over Epochs')
plt.legend()

plt.grid(True}

plt.tight layout()
pli.show()

Epoch 3@: Train Loss = B.6734, Val Loss = B.6774, val Accuracy = 58.14%

Binary Cross-Entropy Loss Validation Accuracy over Epochs
—— Train Loss —— Validation Accuracy
0.700 4 + —— validation Loss 0.60 - [
|
0.695
0.55
0.690 +
-
[
4 g
=001 3 0.50 -
s
0.680
" 0.45
0.675 4
0.670 4 + 4 4 4 1 4 { 0.40 4-
| |
o 5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch

input_dim = 13
hidden_dim = 64
num_layers = 2

dropout = 8.4
learning_rate = 8.98885
batch_size = 16
num_epochs = 38

class GRURegressor{nn.Module}:
def _ init_ (self, input_dim, hidden_dim, num_layers, dropout):
super().__init_ ()}
self.gru = nn.GRU{input_dim, hidden_dim, num_layers,
dropout=dropout, batch_first=True)
self.fc = nn.Linear{hidden_dim, 1) # mop to output

def forward(self, x):
out, _ = self.gru(x)
return self.fc{out[:, -1, :]1)




input_dim = 13
hidden_dim = 64
num_layers = 2
dropout = 8.4
learning_rate = 8.98885
batch_size = 16
num_epochs = 38

class GRURegressor{nn.Module}:
def _ init_ (self, input_dim, hidden_dim, num_layers, dropout):
super().__init_ ()}
self.gru = nn.GRU{input_dim, hidden_dim, num_layers,
dropout=dropout, batch_first=True)
self.fc = nn.Linear(hidden_dim, 1) # map to output

def forward(self, x):
out, _ = self.gru(x)
return self.fc{out[:, -1, :]1)

for epoch in range{num_epochs):

model.train()

train_loss = @

for X_batch, y_batch in train_loader:
optimizer.zero_grad()
y_pred = model(X_batch)
loss = criterion(y_pred, y_batch)
loss.backward()}
optimizer.step()
train_loss += loss.item()

model.eval()
val_loss = @
with torch.no_grad():
for X_val, y_val in val_loader:
y_val_pred = model(¥_ val)
val_loss += criterion(y_wval_pred, y_val}.item()}

train_loss /= len{train_loader)
val_loss /= len(val_loader)

model.eval()
actuals, predictions = [], []

with torch.no_grad():
for X_val, y_val in val_loader:
y_pred = model{X_val}
actuals.extend(y_val.view(-1).tolist())
predictions.extend(y_pred.view(-1).tolist())

actuals = np.array(actuals)
predictions = np.array(predictions)

mae = np.mean(np.abs(actuals - predictions))
mape = np.mean(np.abs{(actuals - predictions) / (actuals + 1e-8))) * 188

print{f"Epoch {epoch+1}
print{f"MAE: {mae:.4f}")
print{f"MAPE: {mape:.2f}%")

Train Loss = {train_loss:.4f}, Val Loss = {val_loss:.4f}")




print{f"Epoch {epoch+1}: Train Loss = {train_loss:.4f}, Vsl Loss = {val_loss:.4f}"

print(f"MAE: [mae:.4f}")
print(f"MAPE: [mape:.2f}%")

plt.figure(figsize=(10, 5))
plt.plot(actuals, label="Actual'}
plt.plot{predictions, label='Predicted')
plt.title("GRU Evaluation")
plt.xlabel("Sample Index™)
plt.ylabel("Stock Return™}

plt.legend()

plt.grid(True)

plt.tight layout()

plt.show()

Epoch 3@: Train Loss = 203.9855, Val Loss = 218.08814

MAE: 12.5897
MAPE: 326.03%

GRU Evaluation
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Keallyoy-all = [1, |
window _sizo = E
target_offset = 1

for _, group in dfgroupby({CO ID'):
X = group|feateres | valoos
§ = group|target |- valoes
Ffor 1 in rango{lea(X) - window size - target offsct + 1):
X _all appond{X7i:imwindow size])
¥_all.append{y|itwindew sizestarget offsot-17)

import torch

K tensor = terch.tensor{np.arcay(d.all), dtype=torch.float3z)
y_tensor = torch tensorinp.areoy(y all), dtype-torch.float3l).view(-1, 1)

from torch.utils.data import Daotasot, Dataloader

clazs FinancialDataset{Dataset):
def _indt_ (self, X, y):
self % = X
solf iy = 3

def _ len_ (=elf)s
retorm lendself X)

def _getiton (self, idk):
return self_ i tde], self.y[idx|

datacet - FinancialDataset(X_tencor, y tonzor)
train_loader = Oataloader{datasct, batch size=16; shuffle=True}

from torch.wtils.data import randea split, Datalcader

& Stép I: Split into troiming and wolidiripn scts
total size = len[datasct)

train size = int{8. 8 * total sixc)

val size - total sire - train_size

train_datasct, val dotasct = random splitidataset, [tradn sire, val size])

E Stép 25 Create Sotgloaders
train_loader - Dataloader{train_datasct, batch_size-is, shufflo=True)
val loader = Datatcador({val datasect, batch size=16, shufflcosFalse)

irpot dim = 13
hidden_dim - &4
num_layers = I
drapout = 8.3
learning_rate = B.gaEl
batch xize = 16
nuw_opachs = 38

clasz GAURogressor{nn._Madule) :
def  dinit - (self, input dim, hidden_dim, rum layers, dropout):
super()._ init ()
solf.gru = nn.ERUinget_dim, hadden dim, nim_layers,
dropaut=drapout, batch_first=Tros)
self fr = nn.lincar{hidden dim, 1} & map to output

def forward(sclf, x):
aut, _ = splf.grofx)
returm -self.fic{ouefz, -1, 23}



Epoch 3@8: Train Loss - 281.4485, Val Loss - 387.9%99
MAE: 12.3167
MAPE: 137.27%

GRU Evaluation
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