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Summary

This report documents the ability to predict 'Product Property'.  The general process for building models to predict 'Product Property' is to:

1. Import data containing the predicted variable and other variables that have causal effect on that variable

2. Filter the data, as necessary, to remove unwanted data or to focus on specific time periods of interest

3. Perform causal time analysis to determine time lags between the causal variables and the variable of interest

4. Perform a search of combinations of causal variables and model types to predict the variable of interest to the greatest accuracy possible

5. Validate the model on 'Out-of-Sample' data to determine its ability to predict

A history of the following 11 variables was provided for the analysis:


Feed Flow


Bottoms Level


Separator Flow


Tower Pressure


Tops Pressure


Upper Tray Feed


Delay 6 (Bottoms Temp)


Delay 12 (Reboiler Return Temp)


Delay 11 (Controlled Temp)


Delay 17 (Tops Flow)


Delay 22 (Separator2 Flow)

This data was filtered to remove unwanted values and the following table shows the resulting minimum and maximum ranges of these variables in the data set used.

	Variable Name
	Minimum
	Maximum

	Feed Flow
	-10.30922
	231.866775

	Bottoms Level
	0.
	0.857164

	Separator Flow
	-15.302321
	181.170686

	Tower Pressure
	-1.43432
	11.73228

	Tops Pressure
	-1.12392
	11.91778

	Upper Tray Feed
	3.232
	58.952001

	Delay 6 (Bottoms Temp)
	162.707993
	170.768997

	Delay 12 (Reboiler Return Temp)
	21.232
	228.105993

	Delay 11 (Controlled Temp)
	-21.993
	170.999004

	Delay 17 (Tops Flow)
	120.29281
	7424.513025

	Delay 22 (Separator2 Flow)
	0.
	976.500555


From this list, an intelligent search process constructed a model using the variables listed below, ranked by their strength on the predicted variable: 

	Variable Name
	Direction
	Strength

	Delay 6 (Bottoms Temp)
	Negative
	0.62866

	Separator Flow
	Positive
	0.18825

	Delay 11 (Controlled Temp)
	Negative
	0.06223

	Bottoms Level
	Positive
	0.05474

	Delay 22 (Separator2 Flow)
	Positive
	0.03375

	Tower Pressure
	Positive
	0.01885

	Upper Tray Feed
	Negative
	0.01352


It was found that by using these variables, 'Product Property' could be estimated to approximately 99.59% accuracy on out of sample data.  This level of accuracy indicates the model is quite good for estimating 'Product Property' and likely useful for control.

Model Accuracy

The selected model's performance was measured on 'In-Sample' and 'Out-of-Sample' data.  In-Sample data was selected from the provided data set and used to create and internally validate the model by the model optimization process.  Out-of-Sample data was selected from the end of the provided data set and is a true measure of performance that transpired after the time of the data used to create the model.  The model showed the following performance metrics:

	Metric
	In-Sample
	Out-of-Sample

	Average Abs. Error
	0.03235
	0.03204

	Mean Squared Error
	0.00178
	0.00193

	Mean Squared Error
	0.04218
	0.04391

	R-Squared
	0.96526
	0.97744

	Relative Accuracy
	98.08%
	97.79%

	Simple Accuracy
	99.59%
	99.59%


The following charts illustrate the predictive capabilities of the selected model.
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The chart above shows the predicted vs. 'desired' 'Product Property'.  This presents a view of the trend of the data through time and one can see periods of higher and lower accuracy.  The last 10% of the data is the validation data.
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The chart above shows a scatter plot of the predicted values vs. the desired values of 'Product Property'.  What we look for here is a straight line of equal values for each axis.  The straighter the line is, the better the prediction accuracy.  Cloud-like formations indicate lower predictive power.
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The chart above shows a histogram of the error between the predicted values vs. the desired values (desired-predicted).  The vertical axis is the number of occurrences and the horizontal axis is the error, lumped into bins.  We would like to see a narrow distribution of the error around zero, in a normal bell-shaped curve.

[image: image4.png]Cases

300
2500
200
1500
1000
500
o

Accuracy Histogiam

£l

e

o2

£

8

3

%

@

E3

R
Percert Accuacy

2

£

%

E3

%

%7

%

%

100




The chart above shows a histogram of the accuracy of the predictions computed using the formula:

Accuracy = 1-[abs(desired-predicted)/desired].

The vertical axis is the number of occurrences and the horizontal axis is the accuracy, also lumped into bins.  We would like to see the accuracies all to the right-hand side of the chart, with the majority of cases populating the 95-100% accuracy bins.

As we can see above, the bin with the most occurrences is at an accuracy of 99.49%, which may be attractive if we wish to go on-line for control.  Breaking this histogram down into an accuracy level table shows the percent cases by level of accuracy.

	Accuracy
	>=90%
	>=95%
	>=99%
	Total

	Count
	5799
	5799
	4968
	5799

	Percent
	100.00%
	100.00%
	85.67%
	100%


We prefer to see nearly all cases over the 95% level.  In this case, we see 100.00%.

