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1. Introduction

1.1 Motivation and Background

Quantitative structure-property relationships (QSPRs) mathematically link physical or chemical

properties with the structure of a molecule. Similarly, quantitative structure–activity relationships

(QSARs) link activities with the molecular structure. To model a QSAR/QSPR, a chemical

property of a molecule is modeled as the response variable for regression or classification

models. Catalyst QSAR/QSPR studies employ models for identifying effective catalysts and

designing new catalysts in chemical sciences and engineering.

Quantitative structure properties are used as descriptors for a molecule and as the input features

for models. These properties (descriptors) can be obtained from computational chemical

software. For instance, Mordred is a developed descriptor-calculation software application that

can calculate more than 1800 two- and three-dimensional descriptors. SambVca is a web tool for

analyzing catalytic pockets with topographic steric maps. For a given molecule the number of

descriptors can be very large and hard to analyze. Machine learning is now a powerful tool in

determining the relationship between a molecules’ descriptors and its catalytic activity in the

research area of cheminformatics.

1.2  Research Challenges/Gaps

There has been a lot of research done on the different features that influence the different

chemical and physical properties and activities of different chemical molecules. Some research

papers have been able to use density functional theorem (DFT) derived features to produce

predictive models that are able to map the relationship between the molecule and its different

activity preferences. One major setback in this field is the cost required to produce the data to

analyze these relationships. Since all the data is experimental data it takes a lot of time and

money to produce this data and create replicable experiments. Using more sophisticated data

science methods we hope to use the data that we are provided to produce high performing

models and gain insights into the different features that hold predictive power when looking at

the different chemical targets.

https://en.wikipedia.org/wiki/Regression_analysis


1.3 Problem Statement

In the petrochemical industry, tetramerization and trimerization of ethylene are valuable

transformations. Current catalysts for this transformation are plagued by formation of

polyethylene byproduct, which fouls the reactor and requires troublesome cleaning. In this

project, we propose to model QSAR/QSPR of catalysts and their performance in tetramerization

experiments using machine learning techniques. We hope to gain insight on the features that have

the highest correlation with increased 1-octene and 1-hexene production and decreased

polyethylene production. The final goal is to use our findings to help our mentors discover or

create a new catalyst that will have the desired activities outlined above.

1.4 Project objective and summary of contributions

Over the course of this project we hope to experiment with several different data cleaning and

manipulation methods as well as statistical and machine learning methods to extract important

features from the dataset that correlate with the different targets. We hope to gain greater insight

into the data science pipeline that is required for a complex data science problem in a real world

application and to learn more about the petrochemical industry and different chemical properties

and how they affect the activity and outcome of chemical reactions.

2. Methods
As our project goal requires models chosen to have high interpretability, we plan to employ

regression models, with  (S-hexene + S-Octene) * activity / S-HDPE as well as its

transformations, e.g. logarithmic, as our ultimate predictor. Meanwhile, separated terms,

including (1) Activity*S-hexene, (2) Activity * S-octene, (3) Activity * S-HDPE are also chosen

as predictors. The ultimate goal is to increase S-hexene and S-octene activity and decrease

S-HDPE activity which is why the combined result is our ultimate target, however we will also

separate the targets to see if we can achieve better results.

Besides interpretability, because of small dataset and high feature dimension, feature selection is

also an important part in our project.

Our model choices include:

1. Single variable linear regression

2. Multiple linear regression



3. Lasso regression

4. Stepwise linear regression

5. Decision Tree

6. Random Forest regression

7. CatBoost

8. XGBoost

9. Ensemble model

10. ANN

These models are relatively highly interpretable, and can be used for feature selection which will

be crucial due to the high feature space and collinear nature of the data.

Besides these methods, we also use the Boruta package in R to perform feature selection.

Besides applying the above-mentioned models on thousands of features, we also plan to use

principal component analysis (PCA) to analyse the feature composition of the principal

components, as well as the relationship between these principal components and the target.

Feature transformations were performed to model more complex nonlinear relationships. For

each feature x these included:

1. x

2. x2 (Scaling and translation was added to avoid numerical overflow)

3. log(x-min (x) + 1)

4. Box-Cox(x - min (x) + 1)

The box-cox feature transformation creates normal features from non-normal distributions. Since

normality is an assumption of many machine learning and statistical learning models this

transformation was picked.

To handle missing values, we tried both simple and complex imputation by applying the

following rules:

1. Drop missing values > 50%

2. Input missing values with following rulesets:

a. Mean/mode imputation



i. with mode if num of unique <= 5

ii. with mean if num of unique > 5

b. KNN imputation

c. Iterative imputation (MICE)

Then the model performances after imputation are compared with those without imputation.

3. Results

3.1 Boruta for feature selection:

Boruta package is an R package based on Random Forest for feature selection. Boruta has been

utilized in other relevant QSPR research. Here we have applied this method on the Dow dataset

for feature selection, with log_target as the response variable. We run with nTree = 1000 and the

model gave seven confirmed important descriptors, along with 35 tentative descriptors, after 99

iterations.  The suggested formula would be as follows if we fit a MLR model with the result.

log_target ~ P1.Cr.P2 + ATS4i + ATSC0d + MATS1m + Xp.2d + Xp.2dv + Kier3​

Figure: Boruta descriptor selection results. Z-score quantifies the frequency of a descriptor
considered in the Random Forest with shadow variables.



We computed the VIF score to avoid collinearity. As shown in the table below, there are two
pairs of collinear terms with high VIF score. The names of the paired descriptors indicate that
each pair might come from the same characteristics of a molecule.

Table: VIF score for the seven selected descriptors

We fit a MLR model based on the Boruta result and the VIF score (select “ATS4i”, “Xp-2dv”
from the two pairs respectively). The result is shown in the table below. Two of the five
descriptors, i.e. “P1-Cr-P2” and “Kier3” are considered to be of good significance. The adjusted
R squared value of this model is as low as 0.4163. We also computed the LOOCV MSE =
12.061​, compared to the mean guess baseline ​MSE = 15.464.

Table: linear regression​ on ​log-transformed target, collinear terms eliminated.

We also run the Boruta method on the Sasol datasets.The model has rejected all of the descriptors

when the nTree is set relatively large, i.e. nTree = 1000. If nTree decreased by half, only one

ATS family descriptor confirmed as useful.



3.2 Modeling results with data imputation:

3.2.1 Mean and mode imputation

For this method simple mean and mode imputation was performed on all three datasets after any

column with more than 50% missing values was removed. Columns with less than or equal to 5

unique values were imputed with the mode since these were most likely categorical values and

the rest of the columns were imputed with the mean of the column. The feature transformations

outlined in section 2.

Dow Data Results:

With the original dataset:

With simple mean and mode imputation:

With simple mean and mode imputation and square feature transformation:

Sasol Data-2 Results:

With the original dataset:



With simple mean and mode imputation:

With simple mean and mode imputation and square feature transformation:

3.2.2 Complex Imputation Methods

Complex imputation methods including KNN imputation and MICE imputation were also used

to handle missing values. After dropping columns with more than 50% of missing values we

found that the Dow data had the largest number of columns that required imputation with the

imputed dataset having 2357 columns and the dataset in which we dropped all columns having

any missing values had 914 columns. Sasol1 and Sasol2 had 2340 and 2299 columns in the

imputation set respectively and 2319 and 2285 columns in the non imputed dataset. PCA was

performed on all the datasets and the results are shown below:



Sasol1 and Sasol2 PCA Explained Variance Plots

Dow PCA Explained Variance Plots

In the initial attempts for this methodology, the complex imputation had a large impact in the

amount of variance few PCs were able to explain in the Dow dataset. After discussion with our

mentors we discovered several outlier ligands that, due to their chemical structures, had a large

number of descriptors that were not applicable to them and were therefore missing values in the

dataset. After removing these outliers, we see in the plot above that the cumulative variance

explained did not vary greatly among the non-imputed and the imputed datasets. Looking closely

at the principal components however, we saw that all the coefficients of the features were still

very small and almost identical. This was a similar finding as our initial PCA exploration. We

attribute this to the collinearity and small size of the data. Even though PCA is known for being

able to deal with wide and collinear datasets, we did not see good results. We chose the first 12



principal components to feed into different models to see the results. There was no significant

increase in performance with the best performing model producing an adjusted r2 of 0.570 on the

log of the combined target.

An ensemble model was created using linear regression, decision tree, and random forest. For the

final prediction we took the average of each of the individual models. We also experimented with

learning the weights for each of the models but this did not give us better results since each

model produced very similar final results individually.

3.3 PCA

The PCA and PCR is performed on Sasol 1 (containing 29 molecules) on all molecular

descriptors, i.e. XTB+Mordred+SambVca+Geometric. Compute PCs from 2338 dims, using all

of the Sasol 1 data records. The same procedure is done for Sasol 2.

Given the number of variables/descriptors (>2000), it is impossible to give visually-friendly

loading plots to show the influences of each variable/descriptor on each PC. As a result, we

instead checked some top descriptors’ names, by taking the absolute values of the coefficients,

and then sort in descending order. We then examined the descriptors along with their absolute

coefficients. We found that the collinearity problem still exists in PCs, take the top 30 descriptors

of PC2 for example. All coefficients are small values. Note that there are pairs of similar

descriptor names with exactly the same value in their coefficients, which are possibly collinear

descriptors in the same PC.

We plotted PC1 vs. PC2, PC1 vs. PC3,  in the same graph respectively, with a colormap on the

data points to indicate the value of the log_target. There is no obvious pattern in the two plots.

Yet we found that on PC2, most of the data points have values around zero, and the most of the

variance on PC2 is introduced by three outliers:

● Sasol02_22: the catalyst we do NOT want because it has the lowest activity (20100

g/gCr-h) in Sasol 1 (>= 1 digit less) and the lowest S_alpha value(52.9). As a result, its

alpha * activity is the lowest. Meanwhile it has high S_PE = 12.9 (3rd high).

● Sasol11_15:activity = 932800, low S_alpha = 59.6, high S_PE=16.2 (2nd high)

● Sasol11_16: activity = 385900, S_alpha = 65.2, moderate S_PE=4.6



Figure: PC1 vs. PC2, Sasol 1

Figure: PC1 vs. PC3, Sasol 1

We then removed these three points and then redid the PCA. Here are the new PCs and data



scatterplots. The data points became better scattered, mainly because the scale range of PC2

changed. Here we also noticed there are some close/overlapping pairs of ligands in PC1 to PC3.

● Overlapping pair: Sasol02_08 & Sasol11_06
● Very close pairs:

Sasol02_13 & Sasol11_01
Sasol02_16 & Sasol11_07

We examined the overlapping pair of ligands which have nearly the same values for each PC. As

explained by our mentor, this pair of ligands are very similar in their chemical structures.

Note that P = 45 for Sasol02_08 and P = 50 for Sasol11_06.

Table: PC values (1 to 3) and experimental property values of Sasol02_08 & Sasol11_06

Ligand PC1 PC2 PC3 activity S_alpha S_alpha *
activity

PE

Sasol02_08 -6.4285486 6.936189 14.3368780 1070000 70.5 754350 1.3

Sasol11_06 -6.4284259 6.936884 14.3365882 1065300 70.4 750340 4.8

Figure: PC1 vs. PC2, Sasol 1, three outlier ligands removed



Figure: PC1 vs. PC3, Sasol 1, three outlier ligands removed

The top PCs can explain more variance after removing the three outlier ligands (from 0.4 to more

than 0.5 for the PC1). As the number of PCs increases, the cumulative % variance explained

keeps increasing, by a decreasing positive value. In case of overfitting, it is likely that no more

than 10 PCs can be a good representation of all descriptors.

Figure: cumulative % variance explained (with the increasing of number of PCs), Sasol 1



The PCR performance is not good. Among the top 3 PCs only the PC2 is of statistical

significance. The adjuster R-squared is only 0.1334 when using PC2.

Table: PCR using PC2, Sasol 1

For Sasol 2, the data points scattered more evenly than Sasol 1, and no obvious outliers.

Figure: PC1 vs. PC2, Sasol 2



Figure: PC1 vs. PC3, Sasol 2

PCR is not performing well on Sasol 2, either, even worse than Sasol 1, with no significant PC.

Table: PCR using PC1&2, Sasol 2



We also gave an attempt of PCA on the Dow dataset. One outlier ligand (Dow2_17) was found

on PC1.

Figure: PC1 in Dow

3.4 Influence of experimental variable

As mentioned in the proposal, the Dow, Sasol 1 and Sasol 2 dataset are different not only in

ligands, but also the experimental conditions. The Dow dataset has not included variables of

experimental conditions. For the two Sasol dataset, the average react pressure (P (bar)),

temperature (T) and time length (time) are included. In Sasol 1, the temperature T is fixed at 60,

while time and pressure are not fixed. In Sasol 2, the time variable is 30 for all records;

temperature T = 65 for all P=30 and T = 45 for all P = 45. Besides the difference in temperature

and time, the solvents used are also different in Dow and Sasol.

We also found that the ligand “Sasol02_09” appeared in both Sasol 1 and 2, with differences in

experimental conditions: time, temperature, pressure, and solvents. This ligand is often used as a

reference in such research. By comparing these two records, we can see that the same ligand can

lead to great difference in the target value, which is mainly because of the great difference in the

value of activity.



Sasol 1:

Sasol 2:

3.5 Neural Networks

In an attempt to ignore interpretability, and to build a high performing model, neural networks
with a variety of hyperparameters were tried. Between one and five layered networks were
attempted with the dataset, ignoring features with missing values. However, despite tinkering,
the networks would not converge on a small loss value. This is logical, as the amount of data is
too small for a deep network to have an impact.

3.6 Feature Clustering
The PCA results motivated us to find cluster patterns in the descriptors. We did agglomerative
clustering on descriptors. Our main goal in this part is to find similar descriptors and thus
decrease collinearity.
We use correlation coefficients as a similarity metric, and set the threshold as 0.75. Here in the
Venne diagram, we can see the overlaps among the features of the three datasets.



Figure: Venne diagram of number of features and overlaps in the three datasets

In the table below we listed the number of features in the top three largest clusters in each

dataset. The three dataset have many descriptors in common. Dow is slightly more different from

the other two datasets. There are about 300 clusters for each dataset. On average each cluster has

about 20 features, but there are some large clusters containing about 300 descriptors.

Table: number of features top three largest clusters for each dataset

Dataset Number of features in 3 largest clusters

Dow 240, 161, 148

Sasol 1 296, 113, 84

Sasol 2 154, 126, 118

We then fit regression models on each dataset, compare the results of using all features versus the

results of using representative features. The best model is stepwise linear regression. Although in



some cases using representative features did help improve the performance.but for stepwise

regression, it made the performance worse.

Table: comparisons of model performances, using complete dataset vs. representatives of

features

Dataset Complete dataset Representatives of features

Dow

Sasol 1

Sasol 2



3.7 Final Modeling Results
The best model is stepwise linear regression and the performances on each dataset is listed in the

table below.

Table: best model cross validating and training set R^2 on each dataset

Dataset 5-fold CV R^2 Training set R^2

Dow 0.60 0.82

Sasol 1 0.69 0.94

Sasol 2 0.37 0.75

We listed the feature component of each model, along with the coefficients. The significant

positive features are marked with a red star mark, while the significant negative features are

marked with a blue star mark. The feature names with suffix “_log”, “_boxcox” indicates a

transformed version of the original feature.



Table: features and coefficients, Dow



Table: features and coefficients, Sasol 1

Table: features and coefficients, Sasol 2

4. Challenges
1. Experimental variables contribute greatly to the target, but are limited in experimental

settings.

2. Conclusions not consistent across the dataset​: useful descriptors in Dow and Sasol are too

different.

3. Collinearity is still a problem. Single variable models may help.

4. Still no great results in modeling the overall targets, partly because the influence of

experimental variables is strong, yet these variables are excluded when modeling.



5. Conclusions
● Catalysts across datasets vary greatly. Performances of models also vary.

● For Dow & Sasol 1 -  our model can explain >60% variance in test data.

● The family of ATS (Autocorrelation of Topological Structure) descriptors is useful across

all three datasets. This includes ATS…, ATSC…, MATS…, AATS... , AATSC…,

GATS….
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