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Problem 
In this project, we are trying to find a relationship between a movie’s average user rating and some of its 
various attributes. The rating of a movie indicates how successful the movie is. For us, we use rating 
score from the Internet Movie Database (IMDB), one of the biggest online database of information related 
to films. Our goal is to create a predictive model that can efficiently predict movie score with small 
deviation from true value. The film maker would find such a tool invaluable since it inherently provides a 
“ successful formula” in terms of the expected user opinion of a film.  
There are some previous studies that focus on making better prediction of movie score by machine 
learning.  Persson, K compared the random forest and support vector machine’s performance on user 
based rating. He found out that to some extends, random forest is a better predictor than support vector 
machine.  Armstrong, N. & Yoon, K proposed Kernel Regression and Model Tree to predict the mean 
rating. Kernel Regression defined the distance with the mixture of nominal and numerical attributes and 
predicted the rating with weighted k-nearest neighbors. 
Absorbing the papers above, we obtained a larger data set by web scraping and tested some other based 
regressors, and created a model with better prediction performance by blending. 
Our project process will be listed as below: 
1. Web scraping 
In order to obtain a larger data set, we applied web scraping using Scrapy package in Python instead of 
using existing data set directly. Finally, we obtained a list of approximately 5300 movies  and their 32 
associated attributes (movie_type, director, cast_list, etc.) from the IMDB. 
We created four web spiders to get our final results step by step. 
• Number.spider: to get all of the movie title names from the website named The Number. 
• Imdb_url.spider: to get the highest correlation result in IMDB searching webpage using the title 

from Number.spider. 
• Imdb_name.spider: to get the factor that we want to analyze from the individual movie IMDB 

homepage by using the url from Imdb_url.spider. 
• Fb_like.spider: to get the actor/actress/director’s facebook like from the facebook like webpage.  
2. Exploratory data analysis 
Before doing any prediction, it is important to have a general idea of our data and how variables are 
correlated with each other by EDA. we used Plotly, a powerful online analytics and data visualization tool 
with Python API to create some interactive figures.  
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From the 3D gross-country-rating plot (figure a), we can see that United States produced the largest 
amount of movies across the past 100 years (1905-2015). And, most of the movies with high gross and 
score also belong to United State. Figure (b)  shows the trend between years and the number of movie 
produced. We can easily see that there is a few number of movie before 1992. After 1992, the number of 
movie produced every year increased dramatically and reached the peak at 2009. 
3. Score prediction 
In our project, the reasonable predicted value should be from zero to ten. There are two techniques that 
can make prediction within the minimum and maximum value of training data. They are K nearest 
neighbor algorithm (KNN) and random forest algorithm (RF). A simple interpretation is that: for KNN, 
prediction is calculated by weighted average of  k nearest training data points and thus can’t excess the 
bound of training set value. And for RF, final prediction of a new data is based on the average of single 
decision trees’s prediction, which is obtained by averaging the value of training data that fall into the 
same leaf as this new data fallen. On the other hand, other regression techniques like linear regression 
may make some predictions that are negative or larger than 10 if the features are very extreme. So these 
two algorithms became our first choice and we compared them with other six regressors.  
We used mean squared error (MSE) as our error metrics (the lower, the better) and k-fold cross validation 
to estimate a more robust general error. for each model. Table (a) shows each method’s result in terms of 
MSE in ascending order.  
Random forest and k nearest neighbor regression truly have a good performance (ranked 1st, 3rd). 
Furthermore, if we compared the prediction histograms for K nearest neighbor (figure c) and linear 
support vector regression (figure d), the former one is more reasonable and the later one has some 
predictions over 10.  
Additionally, support vector regression with Gaussian (Radial basis function) kernel (ranked 2nd) really 
surprised us with its great performance. And its prediction value histogram (figure e) seems much better 
than support vector regression with linear kernel. 

Model Mean Squared Error
Random Forest Regression 0.7252

Support Vector Regression with Gaussian Kernel 0.7310

K Nearest Neighbor Regression 0.8150

Linear Regression 0.8681

Ridge Regression 0.8681

Linear Support Vector Regression 0.9155

Adaptive Boosting Regression 1.0062

Support Vector Regression with Polynomial Kernel 4.8882

Table (a)
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After obtaining these separate models, we can get a better predictive model by blending method, which is 
a kind of ensemble learning in machine learning. Blending method is to combine predictions of other 
algorithms to achieve better performance and reduce the variance of single model. We choose RF, KNN, 
and Gaussian SVR as our individual models for blending since they have best performance. 
There are three kinds of blending that are widely used in the field. The first one is called uniform blending 
(mean of individual predictions). The second one is linear blending (weighted mean of individual 
predictions). Here we defined the weight for each model as the reciprocal of their mean squared error. 
Thus the individual model with lower error will get higher weight. Also, we normalized weights so that 
they sum to 1. The last method is called stacking, which involves training a new learning algorithm using 
all the predictions of other algorithms as inputs (We trained a new LR, RF, Ada Boost in our experiment). 
From table (b), we can see linear blending with weight equals to reciprocal of individual model’s MSE 
generated the best result. Compared with the best single model RF with MSE 0.7252, our linear blending 
model reduced it significantly, to 0.5782.  So this linear blending model is our final model. 

 

Result 
Our final model involves linear blending of three individual regressors: K nearest neighbor, random forest 
and support vector regression with gaussian kernel. The weight in our linear blending is reciprocal of 
individual model’s mean squared error. We also compared our results with some other papers. One note is 
that these papers may use different error metrics. Thus we will calculate the same metrics for our testing 
data instead of MSE in the following analysis.  
In Movie Rating Prediction by Armstrong, N. & Yoon, K, authors used kernel regression and model tree 
to achieve mean relative absolute difference to 14.11% and14.40% respectively. Our final model yields to 
9.66%, which is significantly better. In Predicting Movie Rating, Persson, K dived into random forest and 
support vector regression. He achieved 0.65 and 0.66 respectively in terms of mean absolute error. And 
our final model yields to 0.577. Again, we made significant improvement.
Why the result make sense 
There are mainly three points to show that why our results make sense and have nicer prediction ability.  
• Large data set: Our data set is over 5000 and the other two papers mentioned above only used sample 

size about 1300 and 2000 respectively. A larger data set trained our model more completely. 
• Feature Engineering: We created some insightful features which made great contribution to final 

prediction. One feature in our data set is called total cast Facebook like, which is obtained by adding 
the Facebook like of each actor (actress) in this movie. Another feature is the month of movie 
released. It seems that movie released during summer is more likely to get a higher score than others.  

• Blending: By the blending skills, we can reduce the variation of single model and tyron different case 
of model combination, which gives more power on the explanation of model prediction.

Model Mean Squared Error

Linear	Blending 0.5782

Uniform	Blending 0.5906

Random	Forest	Blending 0.637

Random	Forest	Regression 0.7252

Linear	Regression	Blending 0.7913

Adaptive Boosting Blending 1.047
Table (b) RF is marked red as a benchmark. We don’t want blending result is worse than its individual model


