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Abstract


Today, algorithms are like buzz words. Everyone is going for learning different kinds of algorithms – logistic regression, random forests, decision tress, SVMs, 	Gradient boosting algorithms, neural networks etc.. Everyday new algorithms are being made. But Data Science is not just applying different algorithms to the data. Before applying any algorithm, you must understand your data because that will help you in improving performance of your algorithms later. For any problem one needs to iterate over the same steps- data preparation, model planning, model building and model evaluation, for improving accuracy. If we directly jump to model building, we end up directionless after one iteration. Following are few defined steps per me for approaching any machine learning problem:
1. The first step I suggest is to understand your problem properly with a good understanding of the business market. There is no scenario like: here is the data, here is the algorithm and Bam! Proper business understanding will help you in handling the data in upcoming steps. For example, if you do not have any idea about the banking system you will not understand if a feature like income of customer, should be included or not. 
2. The next step is to collect relevant data for your problem. Other than the data you have internally in your company, you should also add external data source. For example, for sales prediction you should understand the market scenario for sales of your product. GDP may affect your sales or may be population affects. So, collect such kind of external data. Also remember the fact that any external data that you use should be available to you in the future when your model gets deployed. Like if you use population in your model, next year also you should be able to collect this data for getting predictions in the next year. I have seen many people who only use their internal data without realizing the importance of external data to their dataset. But in reality, external features have a good impact on our use case.  
3. Now when you have collected all the relevant data for your problem, you must divide it for training and testing. Many data scientists follow the 70/30 rule to divide the data into two parts: training and test set. While many follow the 60/20/20 rule to divide the data into three parts: training set, test set and validation set. I prefer the second option because in this case you use test set for improving your model and validation set for final verification of your model in actual scenario. This is the advantage of second method over the first one. After this you must find a good evaluation matrix for your problem. I cannot suggest which is best, because it changes from problem to problem. For example, in a use case like cancer prediction you will want to have zero false positives while it may be different for a facial recognition attendance system. So based on your use case find the best one for yourself and then move ahead. Also determine a value of the evaluation matrix which you aim to achieve. 
4. The next step which is very important is Data Analysis. Just collecting the data and fitting into algorithm rarely works. You should create features which can be easily understood and interpreted by the algorithm that you are trying to use. Try to create features which are relevant for your use case. I will tell one of my experience with it. I was working on a default loan prediction problem. My accuracy was 78%. I took my problem to the person who was handling financial systems related to loans. After seeing the data, he made few columns using the existing features that I was using. To my surprise, the accuracy increased to 96%. Obviously this can be done with proper understanding of the business (step 1). 
5. Next very famous and vital step is handling missing values. Some important handling missing values techniques are: deleting NAs, missing value imputation with mean, median etc.. Handling them properly affects your algorithm a lot. If you do not handle them properly, it can introduce bias to your model which will not be good eventually.  
6. After you have handled these features you must check correlation between the numerical features present in the data. If two or more columns are highly correlated, we should keep only one among them which has high importance. 
7. Next step is handling categorical data. There are many categorical columns present in the data especially having string values. We know algorithms cannot use strings in their equations. There are some algorithms which can handle them but for majority of algorithms you need to take care of them. Some important techniques to handle them are like: replacing values, encoding values, one hot encoding, binary encoding, etc.. This will obviously help you in making a robust problem.
8. One other important thing is to find outliers in your data. No data follows a well-defined pattern. Some values can be too low or too high. If these are not handled, it can bias your algorithms. Generally, data scientists impute mean value in the place of an outlier.
9. Now comes the step of applying Machine Learning Algorithms. Try to apply algorithms which work for your data. This requires a good understanding of the algorithm. Any algorithm has several hyper parameters. ‘How each one will affect your accuracy’ is the thing that you must understand before applying any algorithm. You need to understand how altering a parameter helps in removing bias or variance in your data. Many people rely on Hyperparameter Tuning techniques for this. But without understanding which values you must choose and alter, it only leads to a waste of time and effort. 
10. After you have applied your algorithm and collected the result, the next step is to evaluate them. Using your pre-determined evaluation matrix, try to find if test results are up to your expectations or not. If the results satisfy your requirement, you are good to go. Otherwise iterate over the steps again until you get your required results.

These are the steps which I follow to get the best possible outcome of the given problem. It can be different for different people. This is based on my two years of heuristic experience.  
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•	Full Name: Mansi Priya 
•	Personal Email: mail4mansipriya@gmail.com
•	Mobile Number: +917050309725
•	Category: Oral presentation
•	Date of Birth: 27/05/1996
•	Postal Address: Shin Yokohama, Kanagawa, Japan.
image1.jpeg




