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Abstract

Buchwald-Hartwig coupling reaction is widely used in organic chemical synthesis, yield
prediction is particularly important. In 2018, Science reported a yield prediction method
based on random forest, but this method lacks feature learning. Therefore, an intelligent
prediction and analysis method of coupling reaction yield based on deep forest is proposed.
Combined with the advantages of deep learning and ensemble learning, the new deep
model in the form of non-neural network is explored, which has good characterization
learning ability and low difficulty in adjusting parameters, realizes the efficient prediction
of chemical reaction, and analyzes the factors that have a significant impact on the

prediction of reaction yield.

1 Introduction

With the development of organic technology, more and more experts and scholars began to

apply it to drug synthesis. In the process of drug research and development, new molecular



6

compounds can be generated by the combination reaction of different compounds. Organic
synthesis plays an innovative role in the research and development of new drugs and the
optimization of old drugs.

Functionalized aromatic heterocyclic amines are important structures for the synthesis of
drug molecules. Chemical researchers hope to find other ways to synthesize C-N bonds with
mild reaction conditions and high efficiency. The early methods used to construct C-N bonds
mainly include Jourdan reaction [1], Ullmann reaction [2], Goldberg reaction [3], but these
reactions are not suitable for large-scale production and life because of their harsh conditions.
Buchwald Hartwig coupling reaction is a direct and effective method to construct C-N bond.

In 1994, John F. Hartwig [4] and Stephen L. Buchwald [5] found palladium catalyzed
coupling reaction between aryl bromide and amine without the participation of organotin
compounds. In 2010, Richard F. heck, EI Ichi Negishi and Akira Suzuki were awarded the
Nobel Prize in Chemistry for developing "palladium catalyzed cross coupling method in
organic synthesis". This technology reduces costs and protects the environment. It has been
widely used in global scientific research, pharmaceutical development and production,
luminescent materials and electronic industry materials. Subsequently, Buchwald Hartwig
coupling reaction developed continuously to obtain high-yield amination products in a cleaner
and efficient way [6-10].

Scholars in the field of chemistry mainly change the reaction products in Buchwald
Hartwig coupling reaction to achieve better prediction results. With the development of
computer technology and artificial intelligence, machine learning (ML) began to be used by
chemists to assist in processing chemical data. ML overcomes the difficulties of high
characteristic dimension of chemical reaction, toxicity of reactants, complex reaction process
and difficult prediction. It shows more and more competitiveness in the research of chemical
reaction prediction [11-12], drug performance prediction [13-16], screening target compounds
[17-18], and molecular material design [19-20]. In 2018, Doyle [21] and others proposed a
method to predict the yield of Buchwald Hartwig coupling reaction based on random forest
algorithm [30] in Science, and predicted Buchwald-Hartwig coupling reaction with high
accuracy with a goodness of fit of 0.92 and root mean square error of 7.8. It is proved that the

ML method can use the data obtained through high-throughput experiments to predict the
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performance of multi-dimensional chemical space synthesis reactions. Based on the research
of Doyle et al., Peng [22] proposed a quantile regression forest probability density prediction
model in 2021. By training the data after feature selection, the prediction interval of
Buchwald-Hartwig reaction yield under different quantiles is obtained. Doyle's point
prediction is extended to interval prediction, and the value range of the estimated value is
judged at a certain probability level.

However, both random forest and quantile regression forest have some defects in dealing
with characteristics. Quantile regression forest will select features before training the model,
which will cause irreversible loss of information. Both methods do not consider feature
learning, and the information is not fully utilized. Aiming at the problem that traditional
machine learning lacks feature learning in prediction, an intelligent prediction method of
coupling reaction yield based on deep forest is proposed. The model is improved on the
database of Buchwald-Hartwig coupling reaction (Fig. 1) obtained by Doyle et al.
Compared with the previous work of Doyle and our team, this paper combines deep learning
and statistical test indicators to realize the intelligent prediction and analysis of chemical yield
with higher accuracy by making full use of characteristic information.

The flow chart is shown in Figure 2. Firstly, the three feature descriptors (molecular
descriptor, atomic descriptor, and vibration descriptor) calculated by Spartan from the
high-throughput screened Buchwald Hartwig coupling reaction results and the corresponding
yield categories of different descriptor ratios are introduced into the deep forest model. Then,
the features are trained layer by-layer-by using each layer of cascade forest, Finally, the
predicted yield category can be obtained. In addition, by calculating the importance of
characteristic descriptors, the significant factors affecting the yield of coupling reaction can be

analyzed.
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Figure 1. All reaction components of Buchwald Hartwig coupling reaction.
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Figure 2. Flow chart of intelligent prediction and analysis of chemical reaction yield.

2 Deep Forest

Deep forest [23] is a new non-neural network deep model. The deep forest algorithm skillfully
combines the idea of deep learning and ensemble learning. By integrating the random forest
composed of decision tree, it increases the complexity of the model, and trains the features
layer-by-layer, to achieve the purpose of representation learning by the base learner, which
can effectively improve the effect of classification or regression. At the same time, compared
with general deep learning methods, such as Convolutional Neural Networks (CNN), deep
forest has fewer hyperparameters, better robustness to hyperparameters and better
performance on small sample data sets. In addition, deep forest can be calculated in parallel.
The time required to run deep forest on the CPU is like that to run deep neural network with

GPU, so deep forest is more practical.
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2.1 Deep classified forest

The classification and prediction process of deep forest is shown in Figure 3. The original
features and corresponding categories are input into the deep forest model for training. After
the first-level training, the class probability vector obtained from each random forest and the
original features are joined together as the input of the next level. When the prediction
accuracy of the cascaded forest at the next level does not significantly improve compared with
the previous level or reaches the maximum upper limit set, the model stops training and takes
the average value of the class probability output by each random forest in the last level of the
cascade, and the category to which the largest class probability belongs is the final prediction
category.

In the deep forest model, there is a T -level cascade, and each cascade is composed of L

forests. The training sample input in the ¢ -level cascade is (x’, y),t:O,l,...,T . Where, x'

represents the feature vectors of the training samples input in the 7 -level linkage, and y

represents the category corresponding to each feature vector. The input feature x' received

in the ¢ -level cascade is the splicing of the original feature x° and the output x'~' in the
t—1 cascade, so the combined feature is expressed as,

x = (e e (67 ) ) M
where, p,, (x) represents the probabilistic vector of feature x obtained through the L -th

forest in the ¢-level cascade training.
The final quasi-probability vector is the mean value of all forest prediction probabilities in
the last cascade,

): /L:l pT‘I (fol)

J=12,. L 2
. @

plx

Suppose there are class ¢ of training samples, p(x)=(p,(x), p,(x)...., p.(x)), the category

corresponding to the largest probability in the class probability vector is predicted to belong to

the category: argmax p(x).
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Figure 3. Flow chart of deep forest classification. The class probability vector output by the
random forest in each cascade is concatenated with the original feature, which serves as
the input of the next hierarchy and outputs the class probability until the last layer. The
category corresponding to the maximum value after averaging is the final prediction
category.

The algorithm flow of predicting chemical yield category based on deep forest is shown in

algorithm 1.

Algorithm 1: The intelligent Predicting Reaction Performance in Multi-Dimensional
Chemical Space Using Deep classified Forest algorithm.

Input : Training set S ={(x;,»),(xp, 3, ). (x,,3, )}, % €R", yefl,....C}.
Where x, represents the feature descriptor and y, represents the

corresponding yield category.

1:for t=12,....,T do
2: for /=12,....,L do

3: According to the deep forest algorithm [35], the L -th random forest of the
¢ -th cascade is trained.
4 :  Calculate the class probability vector plv,(x’) of the L -th random forest in

the #-th cascade.
5: Xt = (plﬁl(x’),,..,p,_, (x’),xo).

6 : end for

7: Use x' for the input of the next cascade.
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8 : end for

,L:1 Pry (xril) .

9 : Class probability vector from deep forest prediction p(x): 7

Output : Category of yield = argmax p(x).

2.2 Deep regression forest

The process of regression prediction for deep forest is shown in Figure 4. The original
features and corresponding real values are input into the deep forest model for training. After
the first-level training, the predicted values and original features obtained from each random
forest are joined together as the input for the next level of training. When the Mean Square
Error (MSE) of the cascade forest of the next layer does not significantly improve compared
with the previous layer or reaches the set maximum upper limit layer, the model stops training
and outputs the final predicted yield. Finally, the predicted value obtained by each random
forest in the last hierarchy is averaged to obtain the final predicted value.

In the deep forest model, there is a K -level cascade, and each cascade is composed of L

forests. The training sample input in the & -level cascade is (xk,y),k =0,1,...,K, where x*

represents the feature vectors of the training samples input in the K -level linkage, and y

represents the true value corresponding to each feature vector.

Deep forest is a cascade model between layers. The feature vectors obtained from each
layer will be spliced with the original feature vectors as the input of the next layer for
layer-by-layer training. The input feature x* received in the k -level cascade is the splicing

1

of the original feature x° and the output x*"' inthe k—1 cascade, so the combined feature

is expressed as,
<= () 260 )
where f, (x) represents the real value of feature x obtained through the L -th forest in

the k -level cascade training.

The final prediction is the average of all forest predictions in the last cascade,
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Figure 4. Flow chart of deep forest regression. The predicted value output by the random forest in
each hierarchy is spliced with the original feature, which serves as the input of the next
hierarchy. The predicted value is output at the last level, and the final predicted value is
obtained after the average value is calculated.

The algorithm flow of predicting chemical yield regression prediction based on deep forest

is shown in algorithm 2.

Algorithm 2: The intelligent Predicting Reaction Performance in Multi-Dimensional
Chemical Space Using Deep regression Forest algorithm.

Input : Training set S ={(x,,y,),(xp, %, ) n(x,,3, )}, x, €R", y, el,...,C}.
Where x, represents the feature descriptor and y, represents the

corresponding yield.

1:for £k=12,...,K do

2: for /=12,...,L do

3: According to the deep forest algorithm [35], the L -th random forest of the
t-th cascade is trained.

4. Calculate the yield value f, (xk ) of the L -th random forest in the £ -th

cascade.
5 Xt =(f;(,l(xkl‘“’fk,L(xk)’xo)'

6 : end for
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7. Use x*"' for the input of the next cascade.

8 : end for

Z,lfh,( Sl

Output : Predicted final yield of deep forest f

2.3 Calculation of feature importance

For the classification problem, the importance of features is judged by comparing the
contribution of each feature descriptor to each tree in the forest, that is, by comparing the
change of Gini coefficient when all features are classified on the base classifier. For the
regression problem, the importance of the characteristics is judged by comparing the MSE
after division.

Deep forest is an algorithm based on the decision tree. During classification, the nodes of
the decision tree will branch and calculate the Gini coefficient of each feature during node
division. The smaller the Gini coefficient, the higher the purity of the data set, that is, the

better the division effect. The calculation method of Gini coefficient is as follows:
Gim Z pk pk 5)

where & is the number of classification categories, p, is the probability that the sample
point belongs to class £ .
Therefore, the change of Gini coefficient before and after node m  branching is the

importance of feature X, onnode m:
VIM () _ GI —GI,~GI,. (6)

where GI, and GI, are the Gini indexes of the two new nodes after branching. The smaller

the Gini coefficient of the node is, the greater the change of the Gini coefficient before and
after division is. Therefore, the greater the difference of the Gini coefficient is, the higher the
importance of the current feature is. Calculate the importance of each feature in each tree, and
then take the weighted average to obtain the final feature importance evaluation.

In regression prediction, the importance of features is determined by measuring the value of
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a given descriptor and the percentage of MSE change after model retraining. The more the

percentage of MSE increases, the more important the descriptor is.

3 Evaluating indicators

In the regression prediction of yield, R?, Root Mean Square Error (RMSE) and Mean
Absolute Error (MAE) are selected to measure the regression prediction effect of the model.
In the classification prediction of yield, accuracy, Error Reduction Rate [24] (ERR) and kappa
statistics [25] are selected to measure the classification accuracy of the model. The prediction

effect of the model is evaluated from the perspectives of machine learning and statistics.
3.1 Classification evaluation

R2, also known as coefficient of determination, reflects the interpretable proportion of the
independent variable to the dependent variable. The value range of R? is between 0 and 1. The

closer R? is to 1, the better the fitting effect of the model.

R2=1—ﬂ—1_M o

ST -3
where SST is the sum of squares, and the sum of squares of errors between the original data

vy, and the mean value y is calculated. SSR is the sum of squares of regression, which

calculates the sum of squares of the mean value y and the error of fitting data y,.

RMSE is the square root of the ratio of the square of the deviation between the observed

value J, and the real value y, and the observation times n . The smaller the value of

RMSE, the better the regression prediction effect of the model.
1 ’
RMSE = |- 3 (v,=)) - ®)
i=1
MAE is the average of the absolute value of the error between the observed value and the
real value. Similarly, it is used to measure the deviation between the predicted value and the

real value. The smaller the MAE value, the better the regression prediction effect of the

model.
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3.2 Regression evaluation

Accuracy refers to the proportion of correctly predicted samples in the total samples. The
higher the proportion of correctly predicted samples in the total samples is, the higher the
classification accuracy is. In the classification problem, the samples can be divided into four
cases: true positive (TP), false positive (FP), true negative (TN) and false negative (FN)
according to the prediction category of the classifier and the real category of observation. For

the 7 classes classification problem, the total number of samples is.

.,
Total = (TP, + FP). (10)

t=1
Therefore, the classification accuracy is defined as,

" 1P
t=1 t .
Total

(1n

Accurary =

ERR indicates the percentage of error rate reduction compared with the two methods. The

calculation formula for ERR is:

ERR = EROthermerhoedx - ERDF x100%, (1 2)

ROlhermelhved:
Where ER is the error rate, that is, 1- accuracy.
Kappa proposed by Cohen [25] can be used not only for consistency test, but also for
measuring classification accuracy. The calculation of kappa statistic is based on confusion
matrix. P, represents the sum of "the product of actual samples and predicted samples"

corresponding to all categories, divided by "the square of the total number of samples". Kappa

statistics is defined as:

P, —-P
K:ﬁxloo%, (13)

e

where P, is the sum of the number of correct samples for each category divided by the total

number of samples, that is, the overall classification accuracy. The more unbalanced the
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confusion matrix, the higher P, is, the lower the corresponding kappa value is, which can

just give a low score to the model with unbalanced category.

The general value range of kappa is (0, 1). When 0 < kappa < 0.2, the consistency is very
low; when 0.2 < kappa < 0.4, the consistency is general; when 0.4 < kappa < 0.6, the
consistency is medium; when 0.6 < kappa < 0.8, the height is consistent; when 0.8 < kappa <
1, the description is almost identical. The closer the kappa coefficient is to 1, the better the

consistency of classification.

4 Results and analysis

By observing the yield distribution of Buchwald-Hartwig coupling reaction (Fig. SA), most of
the yield distribution is 0. According to the fitted probability density curve, the yield
distribution is skewed. Furthermore, the Kolmogorov-Smirnov test of the yield showed that
the p value was 0.000, which was less than the given significant level a=0.05. Therefore, the
yield distribution of Buchwald-Hartwig coupling reaction did not follow the normal
distribution. Because it does not satisfy the assumption of normal distribution of general
linear model, ML algorithms is more suitable for regression prediction of yield.
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Figure 5. (A)Yield distribution. The frequency distribution histogram and probability density
curve of the observed yield values show that the yield is non normal distribution. (B)
Correlation plots for descriptors. The relationships among four descriptors, additive,
aryl, base, and ligands. There is no correlation among the four descriptors, but a strong
correlation within each descriptor.

Figure 5B shows the correlation of four types of descriptors: Additive, Aryl, Base, and

Ligands. Each block displays the covariance between the two descriptors. The darker the
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color is, the stronger the positive correlation between descriptors is. On the contrary, the
lighter the color is, the stronger the negative correlation between descriptors is. Obviously,
these four types of descriptors are not related to each other. However, there is a strong
correlation within each type of descriptor. Therefore, in order to improve the yield of
Buchwald Hartwig coupling reaction, it is necessary to properly match the four types of
reactants, including Additive, Aryl, Base, and Ligands.

Due to the strong correlation between each class of descriptors, the traditional machine
learning methods usually need to carry out feature screening in processing, which will cause
irreversible information loss. The deep forest training feature descriptor is used to predict the
yield and yield category. The input feature descriptor is trained layer by layer without feature
screening. All information is fully utilized, which can effectively improve the prediction

accuracy.
4.1 Yield prediction based on deep forest

In the regression prediction of the yield, all the feature descriptors and the corresponding
yield are used as the input of the model. 70% of all the data is selected as the training set, and
the remaining 30% is selected as the test set. Deep forest is compared with linear regression
(LR) and other seven common ML algorithms, which are k-nearest neighbor [26] (KNN),
support vector machine (SVM) [27], neural network (NN) [28], decision tree (DT) [29],
random forest (RF) [30], Extra Tree (ET) [31] and convolutional neural network (CNN) [32].
Forecast results are shown in Figure 6. From left to right and from top to bottom are the
fitting scatter plots of LR, KNN, SVM, DT, RF, CNN, and DF. The abscissa represents the
predicted yield value, and the ordinate represents the observed real yield value. The
distribution of each point in the scatter plots of LR, KNN and SVM is far from the fitting line,
while almost all the points in the scatter plots of DT, RF and DF are distributed near the fitting
line, indicating that the predicted value of the model is very close to the actual value in the
test set, the sum of squares of residuals is small, and the distribution of points in DF is more
concentrated than that of the other eight machine learning algorithms. It shows that the fitting
effect between the yield predicted by deep forest and the real yield is the best among the nine

different algorithms, and the regression prediction result of deep forest is better.
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Figure 6. Regression prediction results of test set. For all the models, a 70/30 split of training and
test data, with k-fold cross-validation on the training data. Compared the prediction
effect of linear regression, ML algorithms, deep learning, and deep forest respectively.
The fitting effect of deep forest is the best.

The prediction result of deep forest is that R? value is 0.94, RMSE is 6.86 and MAE is 4.52
(Table 1), which is better than ensemble learning and deep learning. This shows that deep
forest can accurately predict the yield of Buchwald-Hartwig coupling reaction.

In the classification prediction of yield, the 1 /4 and 3 / 4 quantiles of yield are defined as
the threshold, the yield less than or equal to 1/ 4 quantile is low yield, the yield greater than 1
/ 4 quantile and less than or equal to 3 / 4 quantile is medium yield, and the yield greater than
3 / 4 quantile is high yield. After the output of the three categories is balanced by SMOTE
[33], all feature descriptors and corresponding categories are used as the input of the model.

For all the models, there is a 70/30 split of training and test data.

Table 1. Comparison of regression prediction results.

R? RMSE MAE

LR 0.69 15.3 12.43

KNN 0.62 17.0 12.94
SVM 0.68 15.8 12.48
NN 0.88 9.6 7.24

DT 0.88 9.7 6.00

RF 0.92 7.7 5.07

ET 0.90 8.7 6.16

CNN 0.93 7.3 5.19

DF 0.94 6.8 4.52




20

Similarly, deep forest is compared with logistic regression (LR) and other six common ML
algorithms, which are KNN, SVM, NN and RF. Table 2 measures the classification effect of
each algorithm by comparing the accuracy, error reduction rate (ERR) and kappa statistics.
Among them, the classification accuracy of deep forest is the highest, which is 93.72%.
Compared with other algorithms, the error rate of DF is reduced in varying degrees. In
addition, kappa consistency test shows that the kappa value of deep forest is the largest and
greater than 0.8, which also proves that the predicted classification results are basically
consistent with the actual classification results from a statistical point of view. In conclusion,
it shows that deep forest can accurately predict the yield of Buchwald Hartwig coupling

reaction.

Table 2. Comparison of classification prediction results.

accuracy ERR kappa

LR 70.82% 178.48% 0.562
KNN 77.78% 171.74% 0.666
SVM 55.56% 185.87% 0.329
NN 63.58% 182.76% 0.447
DT 86.81% 152.39% 0.802
RF 91.58% 125.42% 0.874
ET 83.33% 162.33% 0.750
DF 93.72% 0.906

Table 3. Significance test of classification accuracy of different algorithms.

Friedman
Chi-square statistic 37.071
p-value 0.0000

In order to test whether there is significant difference in classification prediction between
the total algorithms, calculate the classification accuracy of different algorithms when the test
set accounts for 30%, 40%, 50%, 60%, 70%, 80% and 90% of all data (the results are shown
in table S1). Friedman test is carried out on them, and the chi square measurement is 37.071

and the p value is 0.000 (Table 3). Therefore, the original hypothesis is rejected. It shows that
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there are significant differences in classification accuracy between different algorithms.
Comparing the classification results of deep forest and convolutional neural network, it can
be found that the classification accuracy of deep forest is higher and the prediction time is
shorter (Table 4). The experimental results show that compared with deep learning, deep
forest develops its strengths and circumvents its weaknesses. It has good performance in small

sample prediction and runs fast under CPU.

Table 4. Comparison between DF and CNN.

DF CNN
accuracy 93.72% 89.45%
e — 140.47%
kappa 0.906 0.842
time 8s 118.81s

To sum up, deep forest is also very competitive compared with convolutional neural
network. The former also has good performance when the amount of data is small, and has
fewer super parameters. Generally, better prediction results can be obtained by using the
default super parameters, and it is easier to optimize parameters in various tasks. In addition,

the running time of deep forest is shorter, which can effectively save time in prediction.

4.2 Analysis of influencing factors of yield

In order to further understand the effect of different feature descriptors on the yield of
Buchwald-Hartwig, deep forest was used to calculate the feature importance of each
descriptor and rank it. By measuring the characteristic importance of the descriptors, the main
factors affecting the yield were analyzed, and the relationship between the reaction conditions
of Buchwald-Hartwig and yield was searched.

According to the ranking of characteristic importance (Fig. 7A), aryl halide accounted for 5.
It is the most important factor affecting the regression prediction of yield, including aryl
halide *C-3 nuclear magnetic resonance (NMR) shift, aryl halide *H2 electrostatic charge,

aryl halide vibration descriptor (V2, V3) and molecular descriptor. In addition, additive
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accounted for 3 of the top 10 descriptors. It is the second important factor that affects the
regression prediction of yield, including additive *C-3 NMR shift and *O-1 and *C-5
electrostatic charges.

In the same way, according to the ranking of characteristic importance (Fig. 7B), aryl halide
and additive descriptors are the most important factors affecting the yield classification
prediction. The composition classification of aryl halide is the same as that of regression.
Additives mainly include additive electronic descriptors (*C-4, *C-3, *O-1) and additive
*C-3 NMR shift, *C-4 NMR shift. Therefore, the aryl halide and additive electronic
properties appear to be important in yield prediction of Buchwald Hartwig coupling reaction.
Additive electronic charge describes the electron rich degree. In general, the higher the

electron rich degree of additive is, the lower the yield is.
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Figure 7. The importance of feature descriptors. (A) The 10 most important descriptors of deep
forest in regression prediction, and it is determined by comparing the increase
percentage of MSE value when the given descriptor value is recombined and the model
is retrained. (B) The 10 most important descriptors of deep forest in classification
prediction, and it is determined by comparing the increase of Gini index during training.
* indicates a shared atom. E. energy; Homo, highest occupied molecular orbital; V.

vibration.
4.3 Analysis of influencing factors of yield
Finally, the 23 kinds of isoxazole additives are divided into training set (1st to 17th and 20th,
23rd) and test set (18th, 19th, 21st and 22nd) to make out-of-sample prediction for additive,
and isoxazole in training set is used to predict the performance of isoxazole in test set (Fig. 8).

The purpose is to explore the effect of a new isoxazole additive on the yield of
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Buchwald-Hartwig coupling reaction.
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Figure 8. Structure of addmve performance predlctlon. Using 1soxazole in training set (1st to 17th
and 20th, 23rd) to predict the performance of isoxazole in test set (18th, 19th, 21st and
22nd).

In the regression prediction, the out-of-sample prediction results of the additive are shown
in Figure 9. Almost all the points in the scatter diagram of the four additives (18th, 19th, 21st
and 22nd) are distributed near the fitting line, which indicates that the predicted yield of the

model is very close to the actual yield in the test set, and RMSE of the residuals is small.
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Figure 9. Performance prediction of additive. The fitting scatter plots of predicted values and true
values of the 18th, 19th, 21st and 22nd isoxazole additive test sets were compared
respectively. The closer the distribution of scatter points to the fitting line, the better the
fitting effect.

Similarly, the out of sample prediction of additives also shows high accuracy (Table 5). All
results show that there is no significant deviation between the predicted value outside the
sample and the observed value of the additive. Deep forest can effectively predict the

Buchwald-Hartwig coupling reaction and can predict the influence of reactants with unknown
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properties on the reaction, to provide the highest yield.

Table 5. Additive classification prediction.

accuracy kappa micro_fl
Additivel8 93.89% 0.905 0.939
Additivel9 88.89% 0.802 0.846
Additive21 93.89% 0.899 0.933
Additive22 94.44% 0.914 0.939

5 Conclusions

Deep forest combines the advantages of deep learning and ensemble learning, and can be used
for regression and classification prediction with higher accuracy than traditional ML
algorithms. An intelligent prediction and analysis method for Buchwald-Hartwig coupling
reaction based on deep forest is proposed in this paper, which can realize high precision
prediction of regression and classification of yield. By calculating the importance of
characteristic descriptors, the factors significantly affecting the yield prediction of
Buchwald-Hartwig coupling reaction can help chemists to make decisions, improve the yield,
and promote the rapid realization of organic synthesis. The results of out of sample prediction
can be used to predict the properties of reactants with unknown properties (such as additives),
to help chemists quickly understand the reaction properties of unknown compounds and how
to affect the yield of Buchwald Hartwig coupling reaction. The synthesis of complex
molecules usually takes a lot of time and resources. This method conforms to the concept of
green chemistry and improves the yield of Buchwald-Hartwig coupling reaction under the

condition of reducing the cost.
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