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ABSTRACT

Forecasting plays a vital role in the lives of human beings. Time series forecasts are
useful for weather forecasting, stocks and derivatives price forecasting, GDP forecasting,
electricity load forecasting, among many other things. Good forecasts in any field are
immensely valuable. Achieving better forecasts/ predictive-analytics for a stock price-series is
the most prominent objective of this work. Specifically, the thesis tries to improvise upon
certain different aspects of finance like trading strategies, investment strategies and identifying
stock pairs for pairs trading. It works upon techniques of temporal data-mining to propose novel
techniques in financial-engineering. Such financial research work helps in extracting money

from the market while making the market more efficient and streamlining of the stock prices.

Financial price-series data seldom contains patterns which repeat over time. In this
work, first we investigate ways of discovering such patterns (motifs) in financial data and using

it for profitable trading. The results indicate the utility of such strategies.

Then, for further improving the forecasts we use fundamental and technical features of
companies to predict future prices of their stocks. The technique developed is designed to be
scalable to large datasets. The results verify the superiority of the proposed technique over
other techniques like simple-regression or random-walk model. The returns generated are much
higher than the returns of benchmark indices like NIFTY 50 and BSE Sensex. Here, two large

datasets have been used for experimentation.

Our senses can only distinguish between two substances if they are some distance apart
in space or time. Measurement of distances, which quantifies farness or nearness between
objects, plays an essential role in temporal data-mining or any machine-learning task in general.
Thus, the thesis apart from critically reviewing some of the measures, also proposes a few novel

distance measures applicable in financial domain.

In this context, we explore clustering for grouping stocks into buckets for quick
analysis. Various distance measures have been proposed in the past which can optimally cluster
financial time series data. It is generally observed that some stock pairs may not have high
Pearson correlation coefficient between them, but they are highly correlated at certain lead-lag.

This phenomenon is generally referred to as the lead-lag effect. We propose two new



dissimilarity measures for the above task i.e., Cross-Correlation Type (CCT) and Cross-
Correlation Type-II (CCT-II) measure. These measures are able to effectively take into account

the time-varying lead-lag relationship between two stocks while measuring their dissimilarity.

We also propose Dynamic Cross-Correlation Type (DCCT) measure which allows the
lead-lag relationship between two time series to vary continuously with time. DCCT subtly
combines the properties of Dynamic Time Warping (DTW) measure with the CCT measure.
Then we showcase the applicability of DCCT measure in identifying pairs for pairs trading.
The experiments are conducted to compare the performance of DCCT measure and CCT
measure with other popular measures for such task i.e., correlation and SSD measures. The
DCCT measure when clubbed with SSD measure i.e., when pairs are selected through
optimizing both these measures, then the selected pairs consistently generate the best profit, as

compared to all other measures.

Further comparisons show the superiority of the DCCT based lead-lag alignment path
over Thermal optimal path (TOP) for determining the lead-lag relationship between the two
time series. TOP has been extensively used for analysing lead-lag relationship in the past. This
work presents a good alternative for TOP. DCCT measure provides an opportunity to
subjectively analyse different price series pairs which have known important lead-lag

relationships.

vi
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