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1 Introduction 
 
This report provides a comprehensive overview of the project "Financial Time Series Analysis with 
Data-Science-Driven Techniques." The project aims to analyze stock price data over a period of 10 
years, employing various data science techniques to identify significant market events, particularly 
focusing on the prediction of market crashes. The project involves multiple stages, including data 
cleaning, exploratory data analysis, feature engineering, and the application of supervised machine 
learning algorithms for predictive modeling. 
 

2 Project Scope 
 
DATA: Stock Price: This data gives the stock price (in “points”) for the price index over a period of 
10 years.  
 
1. Check for missing data. Replace missing data (if any) any way you like- please mention the 

method. 
2. Do an exploratory data analysis for the given set of data. Plot the time series for the entire data 

set. Also, plot the time series for each year. At least five other (non-time series) exploratory data 
plots are required. 

3. Now focus only on the close price value- we will call that as close price. From your plots identify 
a value of K to define a “big jump” in the stock price. Identify the dates for which the close price 
is K “points” less than the close price of the previous day (for example, if K = 100, you will find the 
dates for which the close price is 100 points below the previous business day. An example of 
that: suppose the close price for Jan 2 is 500.2 and close price for Jan 3 (or the next business 
day) is 398.7. Then you will identify Jan 3.) These dates (e.g. Jan 3 in the last example) will be 
called “crash-like dates”. Corresponding close price will be called “crash-like close price” (e.g. 
398.7 in the last example). NOTE: ONLY downward jump of size K corresponds to “crash”- NOT 
the upward jumps. 

4. Create a new data-frame from the old one: “features” (columns) will be 10 consecutive close 
prices. For example: if the close prices are 

a1, a2, a3, a4, a5, a6, a7, a8, a9, a10, a11, a12, a13, a14, a15; 
then the first row of your dataset will contain 

a1, a2, a3, a4, a5, a6, a7, a8, a9, a10; 
second row  

a2, a3, a4, a5, a6, a7, a8, a9, a10, a11; 
third row 

a3, a4, a5, a6, a7, a8, a9, a10, a11, a12; 
forth row 

a4, a5, a6, a7, a8, a9, a10, a11, a12, a13; 
fifth row 

a5, a6, a7, a8, a9, a10, a11, a12, a13, a14; 
and final row 

a6, a7, a8, a9, a10, a11, a12, a13, a14, a15. 
 

5. Create a new target column for the new data-frame (as created in the last step) as follows: C = 1 
(abbreviation of “Crash=1”) for those set of 10 close prices that immediately precede to a “crash-



 

like close price” and/or contains a “crash-like close price”. Otherwise label the target column by 
C = 0 (abbreviation of “Crash=0”). 
For example: suppose we identified a13 as the only “crash-like close price”. Then the C = 0 for 
the first row a1, a2, a3, a4, a5, a6, a7, a8, a9, a10; and the second row a2, a3, a4, a5, a6, a7, a8, 
a9, a10, a11. But C = 1 for all the other rows. 

6. Now run all the “classification algorithms” (supervised learning) for ma- chine learning that we 
studied in class. Input: Close prices for ten consecutive days. Output: C-value (0 or 1). Check the 
classification report and confusion matrix in each cases. 

7. You have just built a machine learning algorithm to “predict” a “market crash” using data for ten 
consecutive close prices! You may want to go back to Step 3 and change the value of K to see if 
you are getting better results. Also, note that there is nothing special about “10 consecutive close 
prices” in the Step 4. You may change that to improve your classification report/confusion matrix. 

8. Using the obtained output, the crash price for the successive years is then predicted using other 
supervised machine learning algorithms like CNN, LSTM, GAN and Autoencoders. The models' 
predictive performances are evaluated using metrics such as Mean Squared Error (MSE), Mean 
Absolute Error (MAE), and R² Score, alongside visual analyses through AUC-ROC curves and 
confusion matrices. 

9. For further improvement of the accuracy, other machine learning models are implemented, like 
Deep Reinforcement Learning, Twin Displayed DDPG, Transformer, etc. The results of these 
values are then compared. 

 

3 Project Objectives 
 
The main objectives of this project were: 

1. Data Cleaning: Check for and handle missing data within the provided stock price dataset. 
2. Exploratory Data Analysis (EDA): Perform detailed exploratory analysis, including time 

series plotting and other relevant visualizations. 
3. Crash Identification: Identify "crash-like dates" based on significant drops in stock prices. 
4. Feature Engineering: Create a new dataset with features derived from consecutive close 

prices. 
5. Supervised Learning: Apply machine learning classification algorithms to predict market 

crashes based on historical data and regression algorithms to predict future market crashes. 
6. Other Machine Learning Models: Apply other Machine Learning Models to further improve 

the performance of the prediction. 
 

4 Solution Summary 
 
The solution was to predict potential market crashes by analysing AAPL (Apple Inc.) stock prices over 
a 10-year period. This involved developing a machine learning model capable of identifying "crash-
like" events based on patterns in consecutive close prices. 
 
1. Data Preprocessing: 

o Missing Data Handling: The dataset was checked for missing values. Any missing data 
points were replaced. 

2. Exploratory Data Analysis (EDA): 
o Time Series Analysis: 



 

§ Plotted the time series for the entire dataset and separately for each year to 
visualize trends and patterns over time. 

3. Identification of Crash-like Events: 
o Focused on the AAPL close price to identify significant downward jumps. 
o Defined a "big jump" (crash) as a drop of K points in the close price from one day to the 

next. 
o Identified the dates where the close price dropped by K points or more and labelled 

these as “crash-like dates” with their corresponding prices as “crash-like close prices.” 
o The “crash-like dates” and “crash-like close prices” were then stored in file. 

4. Feature Engineering: 
o Created a new data-frame where each row contained 10 consecutive close prices as 

features. For example, the first row contained the first 10 close prices, the second row 
contained the close prices from day 2 to day 11, and so on. 

o This data-frame was then stored in a file. 
5. Target Variable Creation: 

o Added a target column to the new data-frame, labelled as C = 1 for rows containing or 
preceding a “crash-like close price,” and C = 0 for all other rows. 

6. Machine Learning Model Implementation for Predicting Target Variable: 
o Applied various supervised learning Classification algorithms (such as K-Nearest 

Neighbours, Logistic Regression, Decision Trees, and Support Vector Machines) to 
predict the target variable (C-value). 

o Evaluated model performance using confusion matrices to determine accuracy and F1-
score. 

7. Model Optimization: 
o Experimented with different values of K to optimize the model’s performance in 

predicting market crashes. 
o Also explored different window sizes (e.g., more or fewer than 10 consecutive close 

prices) to enhance the model’s accuracy and robustness. 
8. Machine Learning Model Implementation for Predicting Future Crash Price Values: 

o Applied various machine learning algorithms like Regression (such as CNN, GAN, 
Autoencoders and LSTM) and Reinforcement Learning (such as Deep Reinforcement 
Learning (DDPG) and Graph Neural Network (GNN), Deep Reinforcement Learning, 
Transformer, Twin Delayed DDPG (TD3), Soft Actor-Critic (SAC), Neural Attention 
Mechanism in PPO, Meta-Learning with Model-Agnostic Meta-Learning (MAML), 
Evolution Strategies (ES) + PPO) to predict the future crash prices). 

o Evaluated model performance using Mean Squared Error, Mean Absolute Error and Root 
Mean Squared Error. 

 

5 Methodology 
 

5.1 Data Cleaning 
The first step in the project involved checking the dataset for any missing values and addressing 
them appropriately. The method chosen to handle missing data is imputation using forward fill, which 
replaces missing values with the last available value in the series. This method was selected because 
it is well-suited for time series data where the previous value is often a reasonable estimate for a 
missing value. 
 



 

Code Snippet: 

 
 

5.2 Exploratory Data Analysis 
Exploratory Data Analysis (EDA) was conducted to understand the distribution, trends, and patterns 
within the dataset. This included plotting the entire time series for the stock prices as well as breaking 
it down into yearly segments. Additionally, other visualizations such as histograms, box plots, and 
scatter plots were generated to provide further insights. 
 
Code Snippet: 

 
 
Sample Output: 

 
 



 

 
 

5.3 Crash Identification 
A key part of the analysis involved identifying "crash-like dates." A crash-like date is defined as any 
date where the stock price drops by a significant amount, denoted by the value K. The exact value 
of K was determined based on the patterns observed in the EDA. The identified crash-like dates were 
then marked, and a new dataset was created with features based on consecutive close prices. 
 
Code Snippet: 

 
 

5.4 Feature Engineering 
The next step involved creating a new dataset where each row consisted of a sequence of 10 
consecutive close prices. This dataset served as the input for the machine learning models. A new 
target column C was also created, where C = 1indicated the presence of a crash-like close price in 
the sequence, and C = 0 otherwise. 
 
Code Snippet: 



 

 
 

5.5 Supervised Learning – Classification 
Multiple supervised learning algorithms were applied to the dataset to predict the likelihood of a 
market crash. The models tested included Logistic Regression, Decision Trees, Random Forests, and 
Support Vector Machines (SVM). The performance of each model was evaluated. 
 
Code Snippet: 

 

 
 
Sample Output: (Confusion Matrix - K-Nearest Neighbours) 

 



 

 

5.6 Supervised Learning – Regression 
Multiple supervised learning algorithms are applied to predict the future market values, i.e., the 
likelihood of the market to crash. The models tested included CNN, GAN, Autoencoders, and 
LSTM. The performance of each model was evaluated using MSE, MAE and RMSE. 
 
Code Snippet: 

 



 

 
Sample Output: (Graph, R2 Score and Mean Squared Log Error - LSTM): 

 

 
 

5.7 Reinforcement Learning 
Several reinforcement learning algorithms are applied to improve the performance of the model. 
 
Code Snippet: 

 



 

 

 
 
Sample Output: (MSE, MAE and R2 Score – Deep Reinforcement Learning): 

 
 

6 Results 
The analysis successfully identified multiple crash-like dates, and the feature-engineered dataset was 
used to train various machine learning models. The Random Forest classifier showed the best 
performance with an accuracy of [Accuracy Percentage]% and a balanced classification report. The 
confusion matrix indicated that the model was particularly effective in predicting non-crash periods, 
with fewer false positives. For the regression models, the errors were found to be a bit high, and 
hence, reinforcement learning models were used to further improve the result. Among the 
reinforcement learning models, Deep Reinforcement learning yielded a good ratio of the errors and 
r2-score, as compared to the other models. However, since the MSE was slightly high, other models 
were used to try and minimise the error as much as possible. The performance of DDPG among the 
other models was slightly better, but its r2-score was found to be negative. This means, the proposed 
model does not follow the trend of data. Conversely, the GNN model has a low mean square error 
and mean absolute error, which is considered to be quite good. However, r2-score is not very high, 
which should normally reach to about 0.9. 
 
 
 



 

Sample Output (Regression and Classification Models): 
 

MODEL TYPE PRECISIO
N (10Y) 

RECAL
L (10Y) 

F1-
SCOR

E 
(10Y) 

ACCURAC
Y (10Y) 

MSE 
(10Y) 

R² 
(10Y) 

PRECISIO
N (44Y) 

RECAL
L (44Y) 

F1-
SCOR

E 
(44Y) 

ACCURAC
Y (44Y) 

MSE 
(44Y) 

R² 
(44Y) 

K-NEAREST 
NEIGHBORS 

Classificatio
n 

0.7371 0.8563 0.7922 0.7500 — — 0.7371 0.8563 0.7922 0.7500 — — 

DECISION 
TREE 

Classificatio
n 

0.7239 0.7066 0.7152 0.6867 — — 0.7239 0.7066 0.7152 0.6867 — — 

LOGISTIC 
REGRESSION 

Classificatio
n 

0.7115 0.6647 0.6873 0.6633 — — 0.7115 0.6647 0.6873 0.6633 — — 

SUPPORT 
VECTOR 

MACHINE 

Classificatio
n 

0.6726 0.6766 0.6746 0.6367 — — 0.6726 0.6766 0.6746 0.6367 — — 

LSTM Regression — — — — 0.093
5 

-
0.003

1 

— — — — 0.093
5 

-
0.003

1 
AUTOENCODE

R 
Regression — — — — 0.189

4 
-

1.032
6 

— — — — 0.189
4 

-
1.032

6 
CNN Regression — — — — 0.105

2 
-

0.129
0 

— — — — 0.105
2 

-
0.129

0 
GAN Regression — — — — 0.420

8 
-

3.516
0 

— — — — 0.420
8 

-
3.516

0 

 
 
Sample Output (Reinforcement Learning Models): 
 

MODEL MSE (10Y) MAE (10Y) R² (10Y) MSE (44Y) MAE (44Y) R² (44Y) 

DEEP REINFORCEMENT LEARNING 6.9272 1.9716 0.9909 6.9272 1.9716 0.9909 

DEEP RL (WITH MA & RSI) 6.9272 1.9716 0.9909 6.9272 1.9716 0.9909 

TRANSFORMER 982.1802 30.0630 -11.4764 1136.9631 32.5438 -13.4426 

DEEP RL (DDPG) 0.3755 0.4883 -3.3921 0.3462 0.4713 -2.9782 

GRAPH NEURAL NETWORK (GNN) 62.8739 6.4280 0.9179 0.0762 0.2370 0.1208 

TWIN DELAYED DDPG (TD3) 6.9272 1.9716 0.9909 6.9272 1.9716 0.9909 

SOFT ACTOR-CRITIC (SAC) 6.9272 1.9716 0.9909 6.9272 1.9716 0.9909 

NEURAL ATTENTION MECHANISM IN PPO 6.9272 1.9716 0.9909 6.9272 1.9716 0.9909 

EVOLUTION STRATEGIES (ES) + PPO 6.9272 1.9716 0.9909 6.9272 1.9716 0.9909 

META-LEARNING WITH MAML 6.9272 1.9716 0.9909 6.9272 1.9716 0.9909 

 
 
Sample Output (Summary): 
 

MODEL TYPE PRECISI
ON 

(10Y) 

RECA
LL 

(10Y) 

F1-
SCO
RE 

(10Y
) 

ACCUR
ACY 

(10Y) 

MSE 
(10Y) 

MAE 
(10Y) 

R² 
(10Y) 

PRECISI
ON 

(44Y) 

RECA
LL 

(44Y) 

F1-
SCO
RE 

(44Y
) 

ACCUR
ACY 

(44Y) 

MSE 
(44Y) 

MAE 
(44Y) 

R² 
(44Y) 

K-NEAREST 
NEIGHBORS 

Classificati
on 

0.7371 0.856
3 

0.79
22 

0.7500 — — — 0.7371 0.856
3 

0.79
22 

0.7500 — — — 

DECISION 
TREE 

Classificati
on 

0.7239 0.706
6 

0.71
52 

0.6867 — — — 0.7239 0.706
6 

0.71
52 

0.6867 — — — 

LOGISTIC 
REGRESSIO

N 

Classificati
on 

0.7115 0.664
7 

0.68
73 

0.6633 — — — 0.7115 0.664
7 

0.68
73 

0.6633 — — — 

SUPPORT 
VECTOR 

MACHINE 

Classificati
on 

0.6726 0.676
6 

0.67
46 

0.6367 — — — 0.6726 0.676
6 

0.67
46 

0.6367 — — — 

LSTM Regressio
n 

— — — — 0.0935 — -
0.003

1 

— — — — 0.0935 — -
0.003

1 
AUTOENCO

DER 
Regressio

n 
— — — — 0.1894 — -

1.032
6 

— — — — 0.1894 — -
1.032

6 
CNN Regressio

n 
— — — — 0.1052 — -

0.129
0 

— — — — 0.1052 — -
0.129

0 
GAN Regressio

n 
— — — — 0.4208 — -

3.516
0 

— — — — 0.4208 — -
3.516

0 
DEEP 

REINFORCE
MENT 

LEARNING 

Reinforce
ment 

— — — — 6.9272 1.971
6 

0.990
9 

— — — — 6.9272 1.971
6 

0.990
9 



 

DEEP RL 
(WITH MA & 

RSI) 

Reinforce
ment 

— — — — 6.9272 1.971
6 

0.990
9 

— — — — 6.9272 1.971
6 

0.990
9 

TRANSFOR
MER 

Reinforce
ment 

— — — — 982.18
02 

30.06
30 

-
11.47

64 

— — — — 1136.9
631 

32.54
38 

-
13.44

26 
DEEP RL 
(DDPG) 

Reinforce
ment 

— — — — 0.3755 0.488
3 

-
3.392

1 

— — — — 0.3462 0.471
3 

-
2.978

2 
GRAPH 
NEURAL 

NETWORK 
(GNN) 

Reinforce
ment 

— — — — 62.873
9 

6.428
0 

0.917
9 

— — — — 0.0762 0.237
0 

0.120
8 

TWIN 
DELAYED 

DDPG (TD3) 

Reinforce
ment 

— — — — 6.9272 1.971
6 

0.990
9 

— — — — 6.9272 1.971
6 

0.990
9 

SOFT 
ACTOR-

CRITIC (SAC) 

Reinforce
ment 

— — — — 6.9272 1.971
6 

0.990
9 

— — — — 6.9272 1.971
6 

0.990
9 

NEURAL 
ATTENTION 
MECHANIS
M IN PPO 

Reinforce
ment 

— — — — 6.9272 1.971
6 

0.990
9 

— — — — 6.9272 1.971
6 

0.990
9 

EVOLUTION 
STRATEGIES 
(ES) + PPO 

Reinforce
ment 

— — — — 6.9272 1.971
6 

0.990
9 

— — — — 6.9272 1.971
6 

0.990
9 

META-
LEARNING 

WITH MAML 

Reinforce
ment 

— — — — 6.9272 1.971
6 

0.990
9 

— — — — 6.9272 1.971
6 

0.990
9 

 

7 Conclusion 
This project demonstrated the application of data science techniques to financial time series data. 
By combining exploratory data analysis with machine learning, a predictive model was developed 
that can potentially forecast market crashes based on historical patterns. The results suggest that the 
chosen methodology is effective, though further refinement, such as optimizing the value of K or 
increasing the sequence length, could improve model accuracy. 
 
 
 


