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ABSTRACT 
A key step in developing high-performance industrial products lies in the design of their 
constituent molecules. Computer-aided molecular design (CAMD) has garnered significant 
attention for its potential to accelerate and improve the design process. The mainstream method 
involves using property prediction models to predict the properties of potential molecules and 
selecting the best candidates based on these predictions. However, prediction errors are 
inevitable, introducing unreliability into the design. To address this issue, this paper proposes a 
novel component property modeling framework based on a molecular similarity coefficient. By 
calculating the similarity between a target molecule and those in an existing database, the 
framework selects the most similar molecules to form a tailored training dataset. The similarity 
coefficient also quantifies the reliability of the property predictions. In tests across various 
properties, this framework not only provides a quantifiable evaluation of prediction reliability but 
also improves the prediction accuracy of molecules with high reliability, which has the potential to 
enhance the integrity of molecular design. 
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1. INTRODUCTION 
Developing chemical products used as working me-

dia in industrial settings is a crucial aspect of the indus-
trial process. One of the most important elements in this 
development is the design of molecular structures for 
these products. Traditional design methods, which rely 
on expert experience, are often time-consuming, labor-
intensive, and prone to overlooking potentially excellent 
molecules. As a result, computer-aided molecular design 
(CAMD) is gaining increasing attention. This approach 
utilizes molecular property data in conjunction with effi-
cient optimization algorithms to identify product mole-
cules that exhibit optimal performance. 

When designing a new product molecule, it is essen-
tial to predict the properties of unknown molecules based 
on existing molecular property data. This process is re-
ferred to as the property prediction model. The property 
prediction model primarily utilizes molecular structure 

information along with known data about molecular 
structures and their properties. It employs data fitting 
methods to establish the mapping relationship between 
molecular structures and their properties. Among the 
most classical molecular property prediction models are 
the Group Contribution (GC) method[1], Quantitative 
Structure-Property Relationship (QSPR) modeling[2], and 
ab initio quantum-mechanics-based methods[3]. With 
advancements in artificial intelligence, many new prop-
erty prediction models and variations of classical models 
have been developed[4]. For instance, Zhang et al.[5] 
developed an accurate and interpretable QSPR molecular 
property prediction model based on deep neural net-
works. Alshehri et al.[6] introduced a new generation of 
molecular property prediction models based on Gaussian 
processes, which achieved higher accuracy compared to 
simpler GC-based models.  

However, these models are not strictly mechanistic 
relationships between molecular structure and property, 
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so prediction errors are inevitable. In the process of mo-
lecular design using the property prediction model, the 
basis of molecular selection is the predicted value of mo-
lecular properties. Therefore, the prediction error of the 
property prediction model will directly affect the process 
of molecular screening, and easily lead to a serious mis-
match between the properties of the designed molecules 
and the values of the experimentally verified properties. 
In other words, the reliability of the property prediction 
largely determines the reliability of the molecular design. 
At present, there is no quantitative method for the relia-
bility of property prediction.  

To solve this problem, this paper innovatively pro-
poses a property prediction modeling framework based 
on molecular similarity. Firstly, this framework custom-
izes a training set for the target molecules according to 
molecular similarity. The properties of target molecules 
are predicted using this training set, and the similarities 
between the molecules in the training set and the target 
molecules are used to provide a quantitative index of pre-
diction reliability for target molecules.  

2. MOLECULAR SIMILARITY 
COEFFICIENT 

If the reliability of predicted property values can be 
assessed prior to experimental validation, the only infor-
mation that can be utilized is that derived from the train-
ing molecules used in modeling these properties. Specif-
ically, the adequacy of the information that training mol-
ecules provide for the target molecules is crucial. The 
greater the similarity between two molecules, the 
stronger the correlation in their properties. This similarity 
allows us to leverage the relationship between training 
and target molecules to gauge how adequately the train-
ing molecules can inform predictions about the target 
molecules. Consequently, it becomes possible to quanti-
tatively measure the reliability of property predictions for 
the target molecules. Therefore, this paper introduces a 
novel method for calculating the molecular similarity co-
efficient. 

Here, the group contribution method is used to de-
scribe the structure of a molecule. For molecules M1 and 
M2, their structures can be described as follows, 

𝑀𝑀1: [𝑛𝑛1 1,𝑛𝑛1 2,𝑛𝑛1 3,𝑛𝑛1 4,⋯ ,𝑛𝑛1 𝑖𝑖 ,⋯ ,𝑛𝑛1 424] 

𝑀𝑀2: [𝑛𝑛2 1,𝑛𝑛2 2,𝑛𝑛2 3,𝑛𝑛2 4,⋯ ,𝑛𝑛2 𝑖𝑖 ,⋯ ,𝑛𝑛2 424] 

The 424 dimensions represent 424 groups which 
are used to form molecules [7,8]. 𝑛𝑛1 𝑖𝑖  and 𝑛𝑛2 𝑖𝑖  represent 
the number of the ith group inside the molecules. If a mol-
ecule doesn’t have this group, then the value is just 0. 

First, a classical mathematical method is introduced, 
that is, Jaccard similarity coefficient. It is an efficient tool 
to calculate the similarity between two sets. Its overall 

logic is to calculate the ratio of the number of elements 
in the intersection and union of two sets, and the general 
formula is as follows: 

𝐽𝐽𝐽𝐽𝐽𝐽(𝐴𝐴,𝐵𝐵) =
|𝐴𝐴 ∩ 𝐵𝐵|
|𝐴𝐴 ∪ 𝐵𝐵| =

|𝐴𝐴 ∩ 𝐵𝐵|
|𝐴𝐴| + |𝐵𝐵| − |𝐴𝐴 ∩ 𝐵𝐵| 

Jaccard similarity coefficient ranges in [0,1]. Specially, 
when A is identical to B, then 𝐽𝐽𝐽𝐽𝐽𝐽(𝐴𝐴,𝐵𝐵) = 1 . If two sets 
have no common elements, then 𝐽𝐽𝐽𝐽𝐽𝐽(𝐴𝐴,𝐵𝐵) = 0. If Jaccard 
similarity coefficient is directly applied to calculate the 
similarity between M1 and M2, the result is as follows. 

JSC(𝑀𝑀1,𝑀𝑀2) =
∑ 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝑛𝑛1 𝑖𝑖 ,𝑛𝑛2 𝑖𝑖)424
1

∑ 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝑛𝑛1 𝑖𝑖 ,𝑛𝑛2 𝑖𝑖)424
1

 

However, this result only considers a molecule as a math-
ematical set containing the groups forming the molecule. 
In other words, it never considers the chemical features 
of a molecule, mainly the type of compound and the size 
of molecule here. As for the type of compound, the simi-
larity of two molecules belonging to the same type of 
compound should be higher than that belonging to two 
different types of compounds. For example, based on the 
Jaccard similarity coefficient, the similarity of 
CH3(CH2)6SO2CH3 and CH3(CH2)6CH3 is 0.89 while the 
similarity of CH3(CH2)6SO2CH3 and CH3(CH2)4SO2CH3 is 
0.78. However, chemically speaking, the first set of mol-
ecules belong to two types of compounds and the sec-
ond set of molecules belong to the same type of com-
pound. Therefore, this leads to a phenomenon that the 
similarity of two molecules belonging to different types is 
higher than that belonging to the same type, which is un-
acceptable. As for the size of molecule, the difference of 
two molecules is determined by the absolute difference 
of the structure not the relative difference of the struc-
ture. For example, for molecules described by [1,1,0,0,⋯ ] 
and [1,1,1,0,⋯ ], their similarity is 0.67 while the similarity 
of molecules [1,1,1,1,1,1,1,1,0,0,⋯ ]  and 
[1,1,1,1,1,1,1,1,1,0,⋯ ] is 0.89. The structure differences in 
these two sets of molecules are both one group, but their 
difference of similarity is so large. This is because of the 
difference of the molecular size. For small size of mole-
cules, the effect of one different group is more significant 
than large size of molecules. However, the information 
one molecules can provide for another molecule in the 
first set is also relatively valuable like the second set of 
molecules. So, the difference on the similarity due to the 
molecular size is too large and needs to be reduced. Ad-
ditionally, if it is not reduced, only large molecules can 
find similar molecules and small molecules are hard to 
find similar molecules which is unacceptable as well. 

Based on the above analysis, this paper proposed a 
molecular similarity coefficient calculation method which 
considers the molecule as a chemical concept. First, con-
sider the type of compound. The type of compound is de-
termined by the type of group inside its molecule. If there 
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are some groups whose number is 0 in one molecule but 
not 0 in another molecule, then these molecules belong 
to two different types. If two molecules are composed of 
the same types of groups but only the number is differ-
ent, then these molecules belong to the same type and 
their similarity increases as the number becomes closer. 
Therefore, a warping function here is used to transform 
the molecular group vector, as follows, 

y = log(𝑥𝑥 + 1) 

The warping function needs to satisfy that the derivative 
is maximum when the input is near 0, and gradually be-
comes smaller as the input becomes larger, which con-
forms to the above analysis of molecular type discrimina-
tion. Then molecules M1 and M2 are transformed as fol-
lows, 

𝑀𝑀1
𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤: [log(𝑛𝑛1 1 + 1) ,⋯ , log(𝑛𝑛1 𝑖𝑖 + 1) ,⋯ , log(𝑛𝑛1 424 + 1)] 

𝑀𝑀2
𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤: [log(𝑛𝑛2 1 + 1) ,⋯ , log(𝑛𝑛2 𝑖𝑖 + 1) ,⋯ , log(𝑛𝑛2 424 + 1)] 

Their intersection and union are: 

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤: [𝑎𝑎1, 𝑎𝑎2,⋯ , 𝑎𝑎𝑖𝑖 ,⋯ , 𝑎𝑎424], 𝑎𝑎𝑖𝑖
= 𝑚𝑚𝑚𝑚𝑚𝑚(𝑙𝑙𝑙𝑙𝑙𝑙(𝑛𝑛1 𝑖𝑖 + 1) , 𝑙𝑙𝑙𝑙𝑙𝑙(𝑛𝑛2 𝑖𝑖 + 1)) 

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤: [𝑏𝑏1,𝑏𝑏2,⋯ ,𝑏𝑏𝑖𝑖 ,⋯ , 𝑏𝑏424], 𝑏𝑏𝑖𝑖
= 𝑚𝑚𝑚𝑚𝑚𝑚(𝑙𝑙𝑙𝑙𝑙𝑙(𝑛𝑛1 𝑖𝑖 + 1) , 𝑙𝑙𝑙𝑙𝑙𝑙(𝑛𝑛2 𝑖𝑖 + 1)) 

Then, consider the molecular size. Since the ratio of the 
elements number of the intersection and the union is a 
relative comparison but the difference of the elements 
number is the absolute comparison, the division opera-
tion of the intersection and union elements needs to be 
converted into a subtraction operation. Therefore, for M1 
and M2 after warping transformation, the following 
method is used to calculate their similarity, 

MSC𝛼𝛼(𝑀𝑀1,𝑀𝑀2) =
𝛼𝛼∑ 𝑎𝑎𝑖𝑖424

1

𝛼𝛼∑ 𝑏𝑏𝑖𝑖424
1

= 𝛼𝛼∑ 𝑎𝑎𝑖𝑖424
1 −∑ 𝑏𝑏𝑖𝑖424

1  

where 𝛼𝛼 is a parameter greater than 1. The number of in-
tersection and union elements in the formula appear in 
the exponents in the numerator and denominator respec-
tively, so the division is converted to subtraction. Finally, 
in order to convert the value range of the molecular sim-
ilarity coefficient to [0,1], it is necessary to normalize it, 
as shown below. 

MSC𝛼𝛼(𝑀𝑀1,𝑀𝑀2) =
𝛼𝛼∑ 𝑎𝑎𝑖𝑖424

1 − 𝛼𝛼min (∑ 𝑎𝑎𝑖𝑖424
1 )

𝛼𝛼∑ 𝑏𝑏𝑖𝑖424
1 − 𝛼𝛼min (∑ 𝑎𝑎𝑖𝑖424

1 ) =
𝛼𝛼∑ 𝑎𝑎𝑖𝑖424

1 − 1
𝛼𝛼∑ 𝑏𝑏𝑖𝑖424

1 − 1
 

Here, 𝛼𝛼min (∑ 𝑎𝑎𝑖𝑖424
1 )  is a normalized item, which is 1 obvi-

ously when the intersection elements are all 0. 

3. MODELING FRAMEWORK BASED 
ON MOLECULAR SIMILARITY 

When the formula of molecular similarity is 

proposed, a modeling framework based on it can be fur-
ther proposed. The dataflow is shown in Figure 1. For a 
target molecule and a known database containing 𝑚𝑚 mol-
ecules, the similarity between the target molecule and all 
the molecules in the dataset should be calculated one by 
one to obtain 𝑚𝑚  similarities, namely, MSC1，MSC2，⋯，
MSCm. Then, the 𝑛𝑛 molecules having the highest similari-
ties will be selected to form a subset, which contains the 
molecules which can provide the most valuable infor-
mation for the property prediction of the target molecule. 
Then this subset is used as the training dataset to train 
the model and use the target molecule as the input to get 
the predicted value of its property. Simultaneously, the 
similarities of the customized training molecules to the 
target molecule can be used to form a quantitative index 
that reflects the prediction reliability of the target mole-
cule. In this paper, the maximum similarity of all the train-
ing molecules is employed as the reliability index defined 
by R. Consequently, the prediction result using this mod-
eling framework is composed of two parts, that is, the 
predicted property and the reliability index R, which are 
used together to guide the molecular design. Addition-
ally, the customized training set can provide much more 
pertinent and valuable information for the target mole-
cule to improve the prediction accuracy of the target mol-
ecules with high reliability R. 

 

Figure 1. The dataflow of the modeling framework. 

4. TEST AND DISCUSSION 

4.1 Test method 
To verify whether the property prediction frame-

work proposed in this paper possesses the characteris-
tics outlined, a series of tests were conducted. The mod-
eling framework does not limit the types of models used, 
so three property prediction models were employed for 
the tests: a simple Group Contribution (GC) model[9], a 
Support Vector Regression (SVR) model[6], and an im-
proved Gaussian Process Regression (GPR) model[10].  

       For each model, a test group utilized the pro-
posed modeling framework, while a control group did not, 
allowing for a comparison to assess the framework's ef-
fectiveness. To ensure the test results are objective and 
reliable, nine different properties were selected for test-
ing, as shown in Table 1. The data for each property was 
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divided into a candidate training set and a testing set, us-
ing an 80:20 ratio. Customized training molecules were 
chosen from the candidate training set.  

Table 1: The information of 9 testing properties 

 Property Symbol Data volume  

1 Critical volume (mL/mol) Vc 636 

2 Critical pressure (bar) Pc 651 

3 Auto ignition temperature (K) Ait 477 

4 Gibbs energy of formation at 298 K (kJ/mol) Gf 616 

5 Standard enthalpy of formulation (kJ/mol) Hf 787 

6 Hildebrandt solubility parameter at 298 K (MPa1/2) Hsolp 1102 

7 Enthalpy of formation at 298 K (kJ/mol) Hv 326 

8 Liquid molar volume at 298 K (mL/mol) Lmv 855 

9 Critical temperature (K) Tc 706 

To determine the optimal number of molecules to 
achieve the best prediction accuracy, the test group was 
further separated into two subgroups: using 10 molecules 
and 50 molecules for training. In contrast, the control 
group used all the molecules from the candidate training 
dataset for training. Finally, the predicted values and re-
liability indices for the molecules in the testing set were 
recorded.  

4.2 Result analysis  

4.2.1 Verify the quantification of the prediction 
reliability 

In order to verify that the reliability index R can really 
be used as a quantitatively measure for the prediction re-
liability, two cases are displayed first in Figure 2. 

 
Figure 2. The results of Pc and Vc. 

It can be seen that as R decreases from 1 to 0, the 
gap becomes much larger gradually. Further, the test re-
sults of all properties using the proposed modeling 
framework are displayed in Figure 3. Here, to eliminate 
the interference of some outlier data points, the following 
formula is used to calculate the Average Prediction Error 
(APE) of test molecules with reliability greater than u, 

𝐴𝐴𝐴𝐴𝐴𝐴(𝑅𝑅 ≥ 𝑢𝑢) =
∑ 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑅𝑅𝑖𝑖≥𝑢𝑢

∑ 1𝑅𝑅𝑖𝑖≥𝑢𝑢
 

All the test results are displayed with reliability R as 
the horizontal coordinate and APE as the vertical coordi-
nate. From these results, as R decreases, APE always has 
an increasing tendency. Besides, when fewer molecules 
are used for training, APE increases more rapidly. From 
the result analysis above, the reliability index R based on 

the proposed molecular similarity coefficient can be used 
as a quantitative index for the reliability of property pre-
diction without model limitation.  

 
Figure 3. The results of 9 properties (list 3 properties for 
each model: Vc, Pc and Ait use simple GC model; Gf, Hf 
and Hsolp use SVR model; Hv, Lmv and Tc use improved 
GPR model). 

4.2.2 Verify the improvement of the prediction 
accuracy 

Then, in order to verify the prediction accuracy im-
provement of the proposed modeling framework, the re-
sults of all the properties are summarized according to 
different number of training molecules, namely, 10 train-
ing molecules, 50 training molecules and all the candidate 
training molecules. The average prediction error under 
different level of reliabilities is shown for different num-
ber of training molecules. The results using simple GC 
model, SVR model and improved GPR model are listed in 
Table 2, Table 3 and Table 4. 

For each line representing the same level of reliabil-
ity, we compare the prediction errors among three col-
umns that utilize different numbers of training molecules. 
The green color scale indicates the case with the lowest 
prediction error, followed by a light green scale, and fi-
nally, the white scale, which represents the highest pre-
diction error. From these tables, it is evident that regard-
less of the model used, when dealing with molecules that 
have high reliability (R), applying a subset of molecules 
from the candidate training dataset—specifically, the 
proposed modeling framework—results in significantly 
better prediction accuracy compared to the routine 
method that uses all candidate training molecules. Only 
when the reliability (R) is at a low level does the prediction 
accuracy of using all candidate training molecules sur-
pass that of the proposed modeling framework.  

The primary reason for this result is that when mol-
ecules with high similarity to the target molecules are 
identified, using a subset of these molecules can provide 
significantly more relevant information for predicting the 
properties of the target molecules. In contrast, molecules 
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Table 2: The result of simple GC model 

Reliability 
level 

 training 
molecules 

 training 
molecules 

All candidate 
training molecules 

R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 

R≥ % % % 

Table 3: The result of SVR model 

Reliability 
level 

 training 
molecules 

 training 
molecules 

All candidate 
training molecules 

R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 

R≥ % % % 

Table 4: The result of improved GPR model 

Reliability 
level 

 training 
molecules 

 training 
molecules 

All candidate 
training molecules 

R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 
R≥ % % % 

R≥ % % % 

that are too dissimilar from the target molecules tend to 
offer little valuable information and may even lead to mis-
leading conclusions; therefore, they have been excluded. 
This process enhances prediction accuracy. As the simi-
larity among molecules in the training set decreases, the 
value and relevance of the information also diminish. If a 
small number of training molecules are still used, the pre-
diction accuracy will decline due to insufficient data. 
Consequently, it is essential to increase the amount of 
data. When the reliability (R) approaches 0, it becomes 
challenging to find similar molecules for the target mole-
cules within the candidate training dataset. At this point, 
maximizing the amount of data is crucial—using all avail-
able candidate training molecules is necessary to achieve 
the best prediction accuracy. However, even when all 
data is utilized, the informational value of these mole-
cules regarding the target molecules remains minimal, re-
sulting in significant prediction errors and low reliability, 
as demonstrated in the tables. 

5. DATA CONSISTENCY TEST 
Based on the molecular similarity coefficient, a 

methodology for data consistency testing can be estab-
lished. If molecules with high MSC serve as the training 
dataset but the predicted property value of the target 
molecule deviates significantly from the actual value, it 
suggests that errors may exist in the property data of the 
training molecules or the target molecule itself.  

For instance, in a property database of Tc, the pre-
diction error for CH3(CH2)16COOH reached 10.55% while 
its prediction reliability was 0.9437. Table 5 details the 10 
training molecules for further analysis. 

Table 5: The training data before correction 

No MSC Tc (real)/K CH CH COOH 
Target molecule      

Molecule       
Molecule       
Molecule       
Molecule       
Molecule       
Molecule       
Molecule       
Molecule       
Molecule       

Molecule       

It can be noted that these molecules are of the same 
compound type, with the primary difference being the 
number of CH2 groups. According to physicochemical 
principles, the property Tc of these molecules generally 
varies consistently with the number of carbon atoms (C). 
Consequently, the relationship between Tc and the num-
ber of carbon atoms before correction has been plotted 
in Figure 4. The Tc values of these molecules do not ex-
hibit a consistent relationship with the number of carbon 
atoms (C). This observation suggests a significant possi-
bility of errors in the Tc data for either the training mole-
cules or the target molecule. To address this, we verified 
the actual Tc values of these molecules by ICAS[8] and 
discovered mistakes in the training data. The corrected 
data is shown in Table 6. 

Table 6: The training data after correction 

No MSC Tc (real)/K CH CH COOH 
Target molecule      

Molecule   a    
Molecule   a    
Molecule   a    
Molecule       
Molecule   a    
Molecule   a    
Molecule   a    
Molecule   a    
Molecule   a    

Molecule   a    
a checked in ICAS (Integrated Computer Aided System) 

Similarly, the Tc values and the number of C after 
correction are plotted in Figure 4. It illustrates that after 
correction, the Tc values and the number of C atoms 
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exhibit a consistently increasing trend. This suggests that 
the dataset has likely been corrected at this stage. The 
corrected dataset is then utilized to predict Tc of the tar-
get molecule, revealing a prediction error of only 0.42%. 
This result further confirms that the errors in the original 
dataset have been addressed.  

 
Figure 4. The data of Tc with the number of C. 

6. CONCLUSION 
This paper introduces a modeling framework based 

on the molecular similarity coefficient. This framework 
utilizes the similarity between molecules in a candidate 
training dataset and target molecules to create a custom-
ized training dataset specifically for the target molecules. 
Testing was conducted on nine properties. The results 
confirm that this modeling framework provides a quanti-
tative measure of prediction reliability and significantly 
enhances the prediction accuracy for molecules with a 
high reliability index. For molecular design, the frame-
work proposed in this paper offers a novel two-fold eval-
uation system. It emphasizes that the molecular design 
process should assess not only the predicted properties 
but also the reliability of those predictions. However, the 
analysis presented in this paper indicates that the pre-
diction performance of the proposed framework is some-
what sensitive to data errors because using a smaller 
amount of data for model training amplifies the impact of 
mistakes in the training dataset. Therefore, the data con-
sistency testing method proposed in this study should be 
further developed, and the modeling framework should 
be implemented alongside this testing method to achieve 
more reliable, accurate, and stable prediction perfor-
mance. 
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