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Abstract 

 

 Similarity measurement of the chemical structure of a compound refers to 

the similarity of chemical elements, molecules or chemical compounds. It is 

assumed that similar compounds tend to have similar properties. From statistical 

point of view, chemical structure similarity measurement is essentially a 

measurement of object similarity based on binary variable because the chemical 

structure of a compound is represented in the molecular fingerprint. Tanimoto 

coefficient is most often used in the measurement of similarity among chemical 

structure of compounds. However, there are many other coefficients that can be 

used as alternative to the Tanimoto coefficient. In this study, we have collected 79 

binary similarity coefficients from various literature. The result showed that 

Forbes-2 coefficient gives the higher performance than Tanimoto coefficient based 

on AUC value and the Simpson, the Yulew, and the Var of Correlation coefficients 

are also an alternative measure based on  hierarcical cluster analysis. 
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1 Introduction 
 

Research about bioactivity or component analysis of active compounds 

contained in the medicinal plants (Jamu) have been carried out even been well- 



 

106                                                                                                    Rizal Bakri et al. 

 

 

documented in a database of bioinformatics however detailed explanation of the 

mechanism of action of molecular and pharmacological activity of each compound 

contained in medicinal plants and interaction between the compound or interaction 

with the target in the body still needs is developed [9]. In silico study, one of the 

most common approaches to see the mechanism of action of a compound is consider 

aspects of similarity among chemical structure of the compounds. 

Measurement of similarity in chemical structure of a compound refers to the 

similarity of chemical elements, molecules or chemical compounds. Notion of 

chemical similarity is one of the most important concepts in the fields of 

chemoinformatic, bioinformatics, and medical. In principle, it is assumed that the 

compound similar chemical structure has a similar biological properties [7]. 

From a statistical point of view, the measurement of chemical structure 

similarity is essentially a similarity measurement object such as a binary variable 

based on research conducted by Godden et al. [5] is the chemical structure of a 

compound represented as binary variables to calculate the similarity among the 

chemical structure using Tanimoto coefficient. The chemical structure is 

represented as binary data is a molecular fingerprint features such as either the 

presence or absence of chemical elements, a single bond, a ring, and etc. 

Tanimoto coefficient is a measure that is most often used in measuring 

similarity among chemical structure of the compounds. But the Tanimoto 

coefficient produces an intrinsic bias toward smaller compounds [12]. However, 

there are many other coefficients that can be used besides these coefficients. Choi 

et al. [3] have collected 76 binary coefficients used more than a century ago. While, 

Consonni and Todeschini [4] proposed three new binary coefficients. we are 

interested in looking for the appropriate binary coefficient to measure the similarity 

of the chemical structure of a compound of active ingredients of medicinal plants. 

 

2 Methods and Materials 

 

2.1  Chemical structures construction 

 

 The chemical structures of a compound derived from medicinal plants 

(Jamu) consists of 4 plants were Bratawali (Tinospora crispa), Jahe (Zingiber 

officinale), Pare (Momordica charantina), Sembung (Blumea balsamifera), which 

were being developed at the Center for Medicinal Studies Bogor Agricultural 

Institute for type 2 diabetes. Compounds obtained in the database 

(http://kanaya.naist.jp/knapsack_jsp/top.html) and (http://dnp.chemnetbase.com/) 

with the keyword Latin name of plants. Chemical structure in the form of Simplified 

Molecular Input Line Entry System (SMILES), each compound was searched 

through the Pubmed website (https://pubchem.ncbi.nlm.nih.gov/). The total 

compounds obtained were 286 with 8 groups of the compounds. The compounds in 

the form of SMILES were converted into binary data using molecular KR 

fingerprints with 4860 features [8]. Pair of compounds in the same groups denoted 

as 1 and another pair of the compounds in the different groups denoted as 0. The 

number of pairs of different compounds which were formed is 40755 pairs. 
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2.2  Measurement biner coefficients of compounds 

 The similarity of each pair of compounds was measured using 76 binary 

coefficients from literature Choi et al. [3] and 3 binary coefficients from literature 

Consonni and Todeschini [4]. In this study, a total of 79 binary coefficient 

measures. In binary coefficients formula, 𝑎 is the number of features where the 

values of both 𝑥 and 𝑦 are 1 (positive matches), 𝑏 and 𝑐 are the number of features 

where the value of 𝑥 is 0 and 𝑦 is 1, respectively (absence mismatches). 𝑑 is number 

of fetures where the values 𝑥 and 𝑦 are 0 (negatif matches), and 𝑛 is number of 

features. 

 

2.3 Validation of biner coefficients with ROC analysis 

 Binary coefficient of performance was measured by ROC analysis with the 

assumption the actual value was suitability of groups of pairs of compounds and 

predictive value was the value of each binary similarity coefficient. AUC was a 

numeric value that which was often used to see the performance of a method whose 

value is 0 to 1 [11]. 

 

2.4 Hirarchical clustering for define altervative biner similarity coefficients 

 Binary coefficients were grouped by hierarchical clustering. According to 

Agusrawati [1] Ward method is always consistent at resulting a better object than 

the method of single linkage, complete linkage, average linkage, and centered 

linkage. The grouping with Ward method is defined as follows: 

 

𝑑𝑘(𝑖,𝑗) =
𝑛𝑘 + 𝑛𝑖

𝑛𝑘 + 𝑛𝑖 + 𝑛𝑗
𝑑𝑘,𝑖 +

𝑛𝑘 + 𝑛𝑗

𝑛𝑘 + 𝑛𝑖 + 𝑛𝑗
𝑑𝑘,𝑗 −

𝑛𝑘

𝑛𝑘 + 𝑛𝑖 + 𝑛𝑗
𝑑𝑖,𝑗 

 

where  𝑛𝑘 = number of objects group – k 

  𝑛𝑖 = number of objects group – i 

 𝑛𝑗 = number of objects group – k, 

  𝑑𝑘,𝑖 ,  𝑑𝑘,𝑗 , 𝑑𝑖,𝑗 = distance between objects 𝑘, 𝑖, 𝑗. 

 

The measure of the distance between the two objects are defined as follows: 

 

𝑑(𝑋𝑖, 𝑋𝑖′) = 1 − |𝑀𝑖,𝑖′| 
 

with 𝑀𝑖,𝑖′ is product moment correlation matrix. A small distance value identified 

the closeness of two objects [6]. Linear combination of two objects when values 

𝑐𝑜𝑟(𝑋𝑖, 𝑝 + 𝑞𝑋𝑖′) = 𝑐𝑜𝑟(𝑋𝑖, 𝑋𝑖′) for any value of 𝑝 and 𝑞 with 𝑞 ≠ 0 [2]. Where 

𝑋𝑖 and 𝑋𝑖′ are binary coefficients. 

 

3 Results and Discussion 
 

3.1  Preliminary verification of the coefficients 

 In the preliminary experiment, we removed 13 coefficients from analysis 

because some coefficients could be recognized as identic by only algebraic modi- 
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fication. The list of redundant coefficients is as follows : 𝑆𝐽𝑎𝑐𝑐𝑎𝑟𝑑 and 𝑆𝑇𝑎𝑛𝑖𝑚𝑜𝑡𝑜;  

𝑆𝐷𝑖𝑐𝑒−1/𝑐𝑧𝑒𝑘𝑎𝑛𝑜𝑤𝑠𝑘𝑖 and 𝑆𝑁𝑒𝑖&𝐿𝑖 ; 𝑆𝑆𝑜𝑘𝑎𝑙&𝑆𝑛𝑒𝑎𝑡ℎ−2 𝑎𝑛𝑑 𝑆𝐺𝑜𝑤𝑒𝑟&𝐿𝑒𝑔𝑒𝑛𝑑𝑟𝑒; 𝐷𝐻𝑎𝑚𝑚𝑖𝑛𝑔, 

𝐷𝑆𝑞𝑢𝑎𝑟𝑒𝑑−𝑒𝑢𝑐𝑙𝑖𝑑, 𝐷𝐶𝑎𝑛𝑏𝑒𝑟𝑟𝑎, 𝐷𝑀𝑎𝑛ℎ𝑎𝑡𝑡𝑎𝑛, 𝐷𝑐𝑖𝑡𝑦𝑏𝑙𝑜𝑐𝑘, and 𝐷𝑀𝑖𝑛𝑘𝑜𝑤𝑠𝑘𝑖; 

𝐷𝑙𝑎𝑛𝑐𝑒&𝑤𝑖𝑙𝑙𝑖𝑎𝑚𝑠 and 𝐷𝐵𝑟𝑎𝑦&𝐶𝑢𝑟𝑡𝑖𝑠; 𝑆𝐶𝑜𝑠𝑖𝑛𝑒, 𝑆𝑂𝑐ℎ𝑖𝑎𝑖−1, and 𝑆𝑂𝑡𝑠𝑢𝑘𝑎; 𝑆𝐾𝑢𝑙𝑐𝑧𝑦𝑛𝑠𝑘𝑖−2 and 

𝑆𝐷𝑟𝑖𝑣𝑒𝑟&𝐾𝑟𝑜𝑒𝑏𝑒𝑟; 𝑆𝑆𝑜𝑘𝑎𝑙&𝑆𝑛𝑒𝑎𝑡ℎ−5 and 𝑆𝑂𝑐ℎ𝑖𝑎𝑖−2. From the eight groups of redundant 

coefficients, we only included 𝑆𝑇𝑎𝑛𝑖𝑚𝑜𝑡𝑜, 𝑆𝐷𝑖𝑐𝑒−1/𝑐𝑧𝑒𝑘𝑎𝑛𝑜𝑤𝑠𝑘𝑖, 𝑆𝑆𝑜𝑘𝑎𝑙&𝑆𝑛𝑒𝑎𝑡ℎ−2, 

𝐷𝐻𝑎𝑚𝑚𝑖𝑛𝑔, 𝐷𝑙𝑎𝑛𝑐𝑒&𝑤𝑖𝑙𝑙𝑖𝑎𝑚𝑠, 𝑆𝐶𝑜𝑠𝑖𝑛𝑒, 𝑆𝐾𝑢𝑙𝑐𝑧𝑦𝑛𝑠𝑘𝑖−2, and 𝑆𝑆𝑜𝑘𝑎𝑙&𝑆𝑛𝑒𝑎𝑡ℎ−5. 66 binary 

coefficients were used to calculate the similarity of the chemical structure of a 

compound. After the analysis similarity of pair of compounds, there were 7 binary 

coefficients which produced an invalid value because the denominator of the 

coefficient was 0. This condition was caused when the values of b and c were 0. 

Seven coefficients were 𝑆𝑀𝑜𝑢𝑛𝑡𝑓𝑜𝑟𝑑, 𝑆𝑆𝑜𝑘𝑎𝑙&𝑆𝑛𝑒𝑎𝑡ℎ−3, 𝑆𝐶𝑜𝑙𝑒, 𝑆𝐾𝑢𝑙𝑐𝑧𝑦𝑛𝑠𝑘𝑖−1, 𝑆𝑃𝑒𝑖𝑟𝑐𝑒 , 

𝑆𝑇𝑎𝑟𝑎𝑛𝑡𝑢𝑙𝑎, dan 𝑆𝐴𝑚𝑝𝑙𝑒. 

 

3.2 Hierarchical cluster of biner coefficients 

 Hierarchical clustering have been made to estimate the similarity between 

the binary coefficients. Determination of the number of groups is a subjective 

determination for researchers. In this study, the selected cut off value is 0.5. 

Therefore, number of groups formed are 8. The number of groups that formed this 

gives similarity algebraic form and level of the coefficient of correlation among the 

binary. The grouping binary coefficient is determined by the value of correlation of 

the coefficient with other binary coefficients. The following picture 3.2.1 presents 

a hierarchical grouping dendogram binary coefficient: 

 

 
 

Figure 3.2.1 Hierarchical clustering dendogram of binary coefficients 

 

 Figure 3.2.1 showed that dendogram horizontal scale represented the binary 

coefficients. Dendogram vertical scale represented the distance between groups. 

The dendogram showed that high correlation found in some binary coefficients that 

included d (negative matches). According to Sokal et al. [10] The presence or 

absence of d in binary coefficient is an ongoing issue, but the presence of d does 

not mean there is always a similarity between the two objects because almost 

infinite number of features that allow not contained in the two objects. In this study, 

the binary coefficient in which contained d was in each group, however some of the  
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coefficients were mostly found in groups 2 and 8, but the presence of d in each 

group was not a factor which distinguished between groups. The binary similarity 

coefficient was in different group was caused by no similarity in the form and the 

linear combination among the binary coefficients. Interestingly, the binary 

coefficient Faith was categorized into group 8 even though this was a binary 

coefficient from variation of binary coefficient Sokal and Michener in group 2. This 

was caused that the Faith binary coefficient had low correlation with the 

SizeDifference binary coefficients. The binary coefficients Haman, Mean-

Manhattan, Sokal&Michener, Hamming, Vari, and Innerproduct in group 2, 

Intersection and Russel&Rao in group 6, Hellinger and Chord in group 7, Dice-2, 

Czekanowski, and Lance&Williams in group 8 had high correlation because the 

binary coefficients of each group were combined linearly with each other. 

 

3.3  ROC analysis of selected coefficients 

 The ROC curve was created for every binary coefficient to compare their 

effectiveness on structure of a chemical compounds data. In principle a good binary 

coefficients are coefficients that produce a high similarity value in the pair of 

compounds with the same group, vice versa. In this case there were some 

dissimilarity coefficients, we transformed  the generated dissimilarity coefficients 

to similarity coefficients by using formula 𝑆 = 1 − 𝐷.  

 Table 3.3.1 showed that some binary coefficients produced same AUC 

values because there are several binary coefficient correlated. when the AUC values 

close to 1 then the binary coefficient has a higher accuracy. Binary coefficients that 

produced a high AUC value was a 48th binary coefficient was Forbes-2 with value 

0.876061303. The Coefficient of Forbes-2 showed that the area under the curve 

(AUC) was greater than the Tanimoto binary similarity coefficient.   

 From The figure 3.3.1, horizontal scale represented the value FPR and the 

vertical scale represented the value TPR. TPR value in which the binary coefficient 

of Forbes-2 always produced was greater than Tanimoto coefficient did. This 

indicated that the binary coefficient of Forbes-2 provided a high value of similarity 

on the same compound group and a low value to different groups, therefore it could 

be said the coefficient of Forbes-2 was better than the binary Tanimoto coefficient 

at measuring the similarity of binary chemical structure of a compound based on 

KR fingerprint. Table 3.3.1 presents AUC values of binary coefficient and ROC 

curve the Forbes-2 with the Tanimoto coefficients : 

 

Table 3.3.1 AUC values of binary coefficients 

 

No Binary coefficients AUC  No Binary coefficients AUC 

1 Forbes-2 0.876061303  31 Dice-1/Czekanowski 0.797558521 

2 Simpson 0.875890537  32 3w-Jaccard 0.797558521 

3 Var of Correlation 0.870350975  33 Sokal&Sneath-1 0.797558521 

4 Dyuleq 0.870329997  34 Lance&Williams 0.797558521 

5 Yuleq 0.870329997  35 Tanimoto 0.797558521 

6 Pearson&Heron-2 0.870329996  36 Eyraud 0.789027819 

7 Yulew 0.870329996  37 Derived-Jaccard 0.786230262 
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Table 3.3.1 (Continued): AUC values of binary coefficients 
 

8 Anderberg 0.869305813  38 Gilbert&Wells 0.785883497 

9 Goodman&Kruskal 0.868902851  39 Forbes-1 0.785883497 

10 Sokal&Sneath-4 0.859046391  40 Tarwid 0.785883497 

11 McConnaughey 0.858933423  41 ShapeDifference 0.757813267 

12 Kulczynski-2 0.858933423  42 Sokal&Michener 0.755736111 

13 Johson 0.858933423  43 Sokal&Sneath-2 0.755736111 

14 Dennis 0.830924683  44 Roger&Tanimoto 0.755736111 

15 Pearson-1 0.830730322  45 Innerproduct 0.757813267 

16 Pearson-2 0.830730322  46 Hamming 0.755736111 

17 Pearson&Heron-1 0.830730322  47 Euclid 0.755736111 

18 Pearson-3 0.830730299  48 Mean-Manhattan 0.755736111 

19 Sokal&Sneath-5 0.829392731  49 Vari 0.755736111 

20 Hellinger 0.829303384  50 Hamann 0.755736111 

21 Chord 0.829303384  51 SizeDifference 0.755199961 

22 Cosine 0.829303384  52 Braun&Banguet 0.746087571 

23 Sorgenfrei 0.829303384  53 Disperson 0.744289750 

24 Stiles 0.828763266  54 Michael 0.743987715 

25 Fossum 0.827326203  55 Intersection 0.738883732 

26 PatternDifference 0.816210618  56 Russel&Rao 0.738883732 

27 Faith 0.813938848  57 Derived_Russel-Rao 0.738883732 

28 Baroni-Urbani&Buser-1 0.805152597  58 Gower 0.461026746 

29 Baroni-Urbani&Buser-2 0.805152597  59 Fager&McGowan 0.414697073 

30 Dice-2 0.797558521     

  

 

 
 

Figure 3.3.1 ROC curve binary coefficient Forbes-2 and Tanimoto 

 

From the figure 3.3.1 showed that several binary coefficients were grouped 

with binary coefficient Forbes-2. This meant there were a binary coefficient as 

alternative to measure the similarity of the chemical structure of a compound. The 

binary coefficients have one group and produces high AUC value with the Forbes-

2 were the Var of Correlation, the Yulew, and the Simpson binary coefficient. But 

the Forbes-2, the Yulew, and the Simpson coefficients also have shortcomings such 

as coefficient of Tanimoto. When used to select compounds  for an optimal spread  
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design, the Tanimoto coefficient produces an intrinsic bias toward smaller 

compounds. The Forbes-2, the Yulew, and the Simpson coefficients produces bias 

value when calculating the similarity of the pair a small molecule that is a subset of 

another molecule (𝑏 or 𝑐 is 0). Those coefficients will be produce a high similarity 

value in the structure of the compound which is a subset of another compound 

structure. 

 

4 Conclusion and Remarks 

 
 Binary coefficient that produced high similarity value in same pairs of 

compound groups and small similarity value of compounds in different pair was 

binary coefficient Forbes-2 using molecular fingerprint KR. On the other hand, the 

binary coefficients have one group and produces high AUC value with the Forbes-

2 were the Var of Correlation, the Yulew, and the Simpson. Therefore, those binary 

coefficients could be used as an alternative for measuring the chemical structure 

similarity of  a compound. 
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