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Abstract 

The inconsistency of polymer indexing caused by the lack of uniformity in expression of polymer names is a major 
challenge for widespread use of polymer related data resources and limits broad application of materials informatics 
for innovation in broad classes of polymer science and polymeric based materials. The current solution of using a vari-
ety of different chemical identifiers has proven insufficient to address the challenge and is not intuitive for research-
ers. This work proposes a multi-algorithm-based mapping methodology entitled ChemProps that is optimized to 
solve the polymer indexing issue with easy-to-update design both in depth and in width. RESTful API is enabled for 
lightweight data exchange and easy integration across data systems. A weight factor is assigned to each algorithm to 
generate scores for candidate chemical names and optimized to maximize the minimum value of the score difference 
between the ground truth chemical name and the other candidate chemical names. Ten-fold validation is utilized 
on the 160 training data points to prevent overfitting issues. The obtained set of weight factors achieves a 100% 
test accuracy on the 54 test data points. The weight factors will evolve as ChemProps grows. With ChemProps, other 
polymer databases can remove duplicate entries and enable a more accurate “search by SMILES” function by using 
ChemProps as a common name-to-SMILES translator through API calls. ChemProps is also an excellent tool for auto-
populating polymer properties thanks to its easy-to-update design.
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Introduction
Significant advances in computing power in the past dec-
ade have given birth to many data-driven approaches 
including Materials Informatics, which facilitates under-
standing of processing-structure–property relationships 
and is a cornerstone in the materials design process 
[1–4]. However, as Ramprasad et al. points out, Materi-
als Informatics requires data to be reliable, uniform and 
stored in a controlled manner [5]. This seemingly simple 
requirement has posed many challenges for polymeric 
materials data due to prevalent use of different nam-
ing conventions and abbreviations for polymers. While 
the various aliases are fluently acceptable for humans, 

they confound attempts to curate data in the robust and 
consistent manner essential for indexing into databases 
for Materials Informatics, which is considered a major 
impediment for the adoption of machine learning tech-
niques [6, 7].

The correctness of data indexing can impact many 
aspects of a data resource. Because of the lack of uni-
formity in expression of polymer names in publications 
and data sets, exploration of the data via search and visu-
alization tools becomes problematic, leading to difficul-
ties in using a polymer data resource as a viable tool in 
data driven discovery. For example, the results returned 
for searching for Poly(methyl methacrylate) (PMMA) on 
Reaxys [8], which is a powerful database with properties 
and reaction data available for a wide range of substances 
including polymers, varies by the expression of PMMA.1
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NanoMine is another example. NanoMine is an ontol-
ogy-enabled open source data resource for the polymer 
nanocomposite community. The visualization tool of 
NanoMine is hampered by the polymer nomenclature in 
terms of the existence of multiple different labels for the 
same polymer. As a result, users cannot perform simple 
operations such as filtering the plot by polymer matrix 
readily. A tool resolving the nomenclature discrepancy is 
useful to polymer data resources like NanoMine and the 
whole community.

Researchers have made efforts in polymer indexing 
through use of chemical identifiers which fall into two 
categories. The first is source-based such as PubChem 
CIDs [9], ChEBI IDs [10] and CAS numbers [11]. These 
number-form identifiers are generated by common 
online chemical platforms. Regardless of the data quality 
issue, these chemical identifiers are usually not favora-
ble for cross-database studies due to the source depend-
ency [12]. The second category of chemical identifiers 
are source independent, such as IUPAC names, SMILES 
notations [13] and InChI strings [14]. However, Akhondi 
et al. found out that the consistency of the source inde-
pendent chemical identifiers between data sources coun-
terintuitively varies significantly [15]. A recent effort 
entitled BigSMILES [16] was made to build upon the 
SMILES notation for better representation of the sto-
chastic nature of polymers. BigSMILES could be a solu-
tion to the inconsistency use of chemical identifiers once 
it is canonicalized, which is still ongoing. Even when a 
polymer database is correctly indexed, it is not intuitive 
for users to search for chemicals with chemical identifi-
ers. In many cases, researchers cannot read the chemical 
identifiers since these expressions are not typically used 
regularly in communications or record keeping. Con-
sider “polystyrene” as an example, whose IUPAC name 
is “poly(1-phenylethene-1,2-diyl)”, SMILES notation can 
be “*CC(*)c1ccccc1” and InChI string is “1S/C8H8/c1-2-
8-6-4-3-5-7-8/h2-7H,1H2”. Researchers and publications 
most typically use simply “Polystyrene” or “poly(styrene)” 
or “PS” or a handful of similar common shorthands 
to refer to this common chemical compound. A hub 
that can link the chemical identifiers with the common 

conventional names that researchers use is in urgent 
need. Here we present a multi-algorithm-based map-
ping methodology that is optimized to solve the indexing 
issue and promote easy data exchange and application of 
rapidly advancing machine learning methods to polymer 
systems.

To generate insights from data resources, in addition to 
consistent identifiers, computational methods and algo-
rithms require large scale, efficient data exchange. Appli-
cation Programming Interface (API) is a concise solution. 
A lightweight REpresentational State Transfer (REST-
ful) API simplifies the user interaction with the hub to 
an HTTP request and a return. APIs are widely used in 
many data resources in the materials design domain [17–
19]. In this work, we propose ChemProps, a RESTful API 
enabled database that takes in common polymer names 
and returns chemical identifiers (unique SMILES) with 
tolerance of expression differences as mentioned earlier. 
The rest of the paper is as follows. We describe the struc-
ture of ChemProps API, data storage/update protocols of 
ChemProps database, and how we optimize the polymer 
name mapping algorithms in detail in “Methods” section. 
The results of optimization and examples of how to use 
ChemProps either through HTTP requests or GUI are 
given in “Results” section. We discuss the potential uses 
of ChemProps in “Discussion” section and summarize in 
“Conclusion” section.

Methods
Structure of ChemProps API
Table  1 shows the input names and descriptions of a 
GET request. To use the services, users only need to 
refer to Table  1 to send a GET request to the endpoint 
at the ChemProps API [20]. We would like to highlight 
that only the polfil and the ChemicalName parameters 
are required inputs. Users can combine these two param-
eters with any combinations or none of the other three 
optional inputs to form a valid payload to the ChemP-
rops API. The results will be returned within seconds 
with the format given in Table 2. Figure 1 shows the over-
all structure of the ChemProps API for polymer name 
standardization. Please note ChemProps is designed 

Table 1 A list of input information of a GET request

Name Type Description Example

polfil String Search type: Use “pol” for polymer or “fil” for filler “polfil”: “pol”

ChemicalName String Chemical name to locate “ChemicalName”: “polystyrene”

Abbreviation String Optional abbreviation to locate “Abbreviation”: “PS”

TradeName String Optional trade name to locate “TradeName”: “Styrofoam”

SMILES String Optional specific SMILES value to locate “SMILES”: “*CC(*)c1ccccc1”
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for standardizing both polymer names and compos-
ite nano-filler names. The polfil parameter, which states 
whether users search for a polymer name or a filler 
name, is assumed to be “pol” throughout this paper.2 
In Fig.  1, only the yellow part is visible to users, show-
ing the essence of a lightweight RESTful API, while the 
backend scripts carry all the loads. In the backend pro-
cess, first a script will check for the existence of SMILES 
parameter in the input and send it to the SMILES transla-
tion module for standardization, if present. The SMILES 

translation module sends the input SMILES string to the 
NIH Online SMILES Translator to generate the Kekule 
unique SMILES (uSMILES) representation [21]. This 
module can remove flavors from SMILES and unify them 
in most cases. The details of the uSMILES generation can 
be found in the work by Weininger et al. [22] After this 
step, the input package moves to the algorithms section, 
which is the heart of ChemProps. A set of internal evalu-
ation queries are designed to represent a predefined set 
of mapping algorithms. Each query, which implements 
a single algorithm, may find multiple results or may 
not find any results within the ChemProps core data-
base. To ensure the reliability of our service, we assign 

Table 2 A list of returned information of a GET request if successful (Code 200)

Name Type Description Example

StandardName String Standard chemical name “StandardName”: “Polystyrene”

density String Chemical density at 25 °C in g/cm3 “density”: “1.04”

uSMILES String Polymer unique SMILES “uSMILES”: “C(C(C1 = CC = CC = C1)[*])[*]”

Fig. 1 The structure of the ChemProps API

2 The “fil” option for filler search will be described elsewhere.
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an optimized weight, which will be updated over time 
as new polymers are included into the system, to each 
query and let them vote for the result by summing up the 
weights of each returned chemical. We describe the opti-
mization process in a later section in detail. The chemical 
with the highest sum of weights will be returned. There 
are two cases when we will log the input and notify the 
admin. First is when no results can be found by any que-
ries, which means ChemProps might need to welcome 
new chemicals. Second is when two chemicals tie at the 
top, which we try to avoid through optimization.  

Data
The core ChemProps database was built on MongoDB, 
a NoSQL database. As a starting point, we begin with 
a core subset of all possible polymers to create a set of 
robust algorithms that are continuously calibrated to 
optimal performance with the introduction of more poly-
mers into ChemProps. Raw data is stored on the cloud 
in a Google spreadsheet for stability. We pulled 515 poly-
mer names, considered as standard names, from Polymer 
Genome [23] along with associated SMILES and density 
information as the skeleton of the raw data. We adopted 
the customization of marking the linking atoms of the 
polymer chain with [*] by Polymer Genome. We then 
augmented the raw data with 49 polymer names pulled 
from NanoMine for a total of 564 unique polymer names 
sitting in the Google spreadsheet. Of these 564 unique 
polymer names, 89 polymer names are fully indexed 
with their unique SMILES, abbreviations, synonyms, 
trade names and density information, which are used in 
the rest of this current study. All SMILES notations were 
converted to unique SMILES by the translation module 

[24]. Additional information was collected from sources 
including MatWeb [25], Polymer Database [26], and Pol-
ymer Science Dictionary [27] semi-automatically. Over-
time, more of the 564 polymer names will become fully 
indexed. 54 fillers (such as silica or carbon nanotubes) 
are also indexed in ChemProps with their synonyms and 
density information.

To begin the algorithm development, we borrow the 
idea of bag-of-words (BOW) [28] from natural language 
processing to build a bag-of-characters notation (BOC). 
BOC is a string of digits with its first 26 digits indicat-
ing the occurrence of 26 alphabetic characters from a to 
z and its last 10 digits representing the occurrence of 10 
Arabic numerals from 0 to 9. We cap the occurrence of 
a character at 9 in its BOC string since it is not common 
for a character or numeral to occur more than 9 times 
in a polymer name. All strings are converted to lower-
case before transforming into BOC strings. The merits 
of BOC include disregarding the character order and 
ignoring non-alphabetic and non-digit characters like 
whitespaces, dashes, and parentheses. These merits are 
especially useful for polymer name translation as minor 
changes in spacing and hyphenation are common in pol-
ymer representation. We also introduce a BOC-alph rep-
resentation which is an alphabet only version of the BOC 
string. Upon ingesting data from the cloud into the data-
base, a script will convert standard names, abbreviations, 
synonyms, and trade names into BOC strings for storage. 
Figure 2 shows an example of the ingestion and conver-
sion process. On the cloud side, since the skeleton already 
covers chemical names, SMILES and density, an admin-
istrator only needs to fill in the common abbreviations, 
synonyms, and trade names to “activate” a new polymer. 

Fig. 2 Illustration of the data ingestion process, BOC correspondence are color coded
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A python script is called automatically every week to 
back up the spreadsheet from the cloud, scan inside the 
564 polymers for all the “activated” polymers that have 
either abbreviations, synonyms or trade names filled in, 
which currently numbers 89, format the data, and push 
into the MongoDB for update. This design makes it easy 
to update the ChemProps database both in depth and 
in width, which is critical for a growing database, by 
only interacting with the Google spreadsheet. In depth, 
administrators can add more polymers by simply add a 
row in the Google spreadsheet. In width, a new property 
such as glass transition temperature can be added to the 
ChemProps database by adding a column in the Google 
spreadsheet and a few more lines in the digesting scripts.

Weighted voting algorithm for name mapping
The conventional way of dealing with synonyms is the 
brute force approach, which simply tabulates all known 
synonyms as shown in Fig.  3. This method, however, is 
unstable and still subject to errors as new differences in 
expression are encountered. Based on our experience 

with the 1500 + samples in NanoMine, we propose 12 
mapping algorithms to vote for the final match given the 
user input. Table 3 summarizes the proposed algorithms.

We create a variety of BOC and BOW algorithms for 
high precision polymer name identification that is robust 
to expression differences. For example, in Table  3 algo-
rithm #6 considers abbreviations like PA 6–6, PA 66 and 
PA 6/6 as the same. However, the BOC method can-
not identify that “Diglycidyl ether of bisphenol-A epoxy 
resin” and “diglycidyl ether of bisphenol-A” are equiva-
lent. To address this issue, we introduce the relaxed 
BOW comparison, which is a variation from BOW. We 
first split the input by non-alphabetic characters to form 
a bag of words. Then we search the database for entries 
that contain all the words in the bag. Though the two 
DGEBA epoxy expressions have different BOC strings, 
they can be identified by algorithm #12 since the BOW 
of the second expression is a subset of the first expres-
sion. Due to the difference in reliability, we apply a weight 
to each algorithm and optimize the weights for the best 

Fig. 3 Screenshots of synonyms of polystyrene on PubChem [33] and ChEBI [34]

Table 3 Summary of the proposed mapping algorithms

Algorithm ID Description

1 Search within unique SMILES with translated SMILES

2 Search within standard names with ChemicalName

3 Search within abbreviations with ChemicalName

4 Search within synonyms with ChemicalName

5 Search within abbreviations with Abbreviation

6 Search within BOC with BOCed Abbreviation

7 Search within tradenames with TradeName using relaxed BOW comparison

8 Search within BOC with BOC-alphed TradeName by comparing the first 26 digits

9 Search within BOC with BOCed ChemicalName

10 Search within BOC with BOC-alphed ChemicalName by comparing the first 26 digits

11 Search within standard names with ChemicalName using relaxed BOW comparison

12 Search within synonyms with ChemicalName using relaxed BOW comparison
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mapping performance. The collection of the weights is 
denoted as a vector w.

In order to optimize the weights of algorithms, we use 
the data from NanoMine divided chronologically into 
training and validation sets. We extract the reported 
polymer data following the format given in Table 1. We 
hereby define a searching package (SP) as a combina-
tion of ChemicalName, Abbreviation, TradeName, and 
SMILES. The training set contains 166 unique sets of SPs, 
while the test set contains 54 unique sets of SPs. To start 
the training process, the initial weight of all 12 algorithms 
is assigned to one. When a SP is passed to ChemProps, 
all 12 algorithms will be used for evaluation one by one. 
For each algorithm, ChemProps will look at all of the 89 
indexed polymers to see if there is a match evaluated 
through the algorithm using the terms in the SP. Intui-
tively, we create a vector R of length 12 for each indexed 
polymer for initialization. We then fill in the nth spot 
with either 0 or 1 depending on the evaluation using the 
nth algorithm with 0 indicating not a match and 1 oth-
erwise. When the SP is evaluated by all 12 algorithms, 
we will have 89 R vectors in theory. However, many of 
the 89 R vectors are filled with 12 zeros, which are triv-
ial and discarded. For that specific SP, ChemProps only 
records the indexed polymers with non-trivial R vectors 
and computes their scores by taking the dot product of 
w and R. Only the non-trivial R vectors are generated for 
better computational efficiency and we denote the names 
of indexed polymers associated with those non-trivial R 
vectors as candidate chemical names, one of which must 
be the ground truth chemical name based on our training 
data.

In the first pass through ChemProps of the 166 train-
ing SPs, 102 SPs get paired with more than one R vector 
and 64 SPs get paired with only one R vector, which we 
will discuss later. For each of the 102 SPs, we select from 
the recorded non-trivial R vectors the ones with score 
ranked top two. Since there could be a tie in score for 
R vectors, we end up collecting 262 R vectors from the 
102 SPs. For this subset of data, our goal is to maximize 
the score difference between the ground truth chemical 
name and other top ranked candidate chemical names via 
an optimal weight vector w. To accomplish this goal, for 
each of the 102 SPs, we define a vector x as the differ-
ence between the R vectors of wrongly mapped candidate 
chemical names and the R vector of the ground truth 
chemical name. x is a vector of length 12 with values of − 
1, 0 or 1: − 1 results if the algorithm finds an incorrectly 
mapped chemical name, 0 results if the algorithm either 
finds both or finds neither of the correct and the wrongly 
mapped chemicals, and 1 results if the algorithm only 
finds the ground truth chemical name. Then the score 
difference can be represented by the dot product of x and 

w. It is worth mentioning that the R vector of the ground 
truth chemical name is not necessarily 1 in all spots. For 
the rest 64 of the 166 SPs, each of them is paired with 
only one R vector. Since the associated candidate chemi-
cal names are indeed the ground truth chemical name, 
we denote these 64 R vectors as Rc with letter “c” stand-
ing for “correct”.

An illustration of the training data structure is shown 
in Fig. 4. From top down it shows the breakdown of the 
training data set. The grey blocks give example for R 
vectors and Rc vectors. y being 1 stands for the ground 
truth chemical name and being 0 stands for the wrong 
mapping. From SP1 to SP102, ChemProps returns multi-
ple candidate chemical names meaning multiple R vec-
tors mapped to one SP. Consider SP1 as an example, 
there are three candidate chemical names returned with 
R1 being the R vector of the ground truth. Our next step 
is to obtain the difference between the ground truth R1 
and the wrongly mapped R2 and R3, leading to the forma-
tion of x1 and x2. SP103 to SP166 all return the only ground 
truth forming the 64 Rc vectors.

We seek to maximize the score difference between the 
ground truth chemical name and the wrongly mapped 
candidate chemical names, while maintaining the weights 
to be non-negative and the score of 64 Rc vectors to be 
positive, ensuring that the ground truth chemical name 
will still be returned when w is converged. Therefore, we 
propose the null negative form of the optimization prob-
lem as follows:

The dot product of x and the weight vector w is the 
score difference that we would like to maximize, where a 
positive score difference indicates that the ground truth 
chemical name has a higher score than the other candi-
dates and thus will be returned by ChemProps. Instead 
of maximizing the score difference in the entire training 
set, we can reduce the objective function to only maxi-
mizing the minimum value of all the score differences, as 
stated in the function above. A detailed example of how 
we obtain the score difference is given in Fig. 5.

The example SP in Fig. 5 provides “polyvinyl alcohol” as 
ChemicalName and “PVA” as Abbreviation. There are two 
candidates returned, the ground truth Poly(vinyl alcohol) 
and the wrongly mapped Poly(vinyl acetate). Since both 
candidates can be abbreviated as “PVA”, algorithm #5 and 
#6 return both candidates. However, algorithm #9 and 
#10 can only return the ground truth because Poly(vinyl 

minimize f (w) = −min(xi · w
T), i = 1, . . . , 160

subject to − wj ≤ 0 j = 1, . . . , 12

−Rck · w
T < 0, k = 1, . . . , 64
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alcohol) has the same BOCed and BOC-alphed chemical 
name as the input ChemicalName. Therefore, the score 
difference is the sum of the weights assigned to algo-
rithm #9 and #10, i.e. w9 and w10. It is worth noting that 
algorithm #2 does not find the ground truth due to the 
existence of the parentheses in the standard name high-
lighting the need for algorithms #9 and #10 using BOC.

We select the widely used Generalized Reduced Gradi-
ent (GRG) nonlinear method for optimization. We also 
apply a ten-fold validation to the optimization problem in 
which the 160 x’s are randomly divided into ten groups. 
For each iteration, we omit a group of 16 x vectors and 
conduct optimization on the w vector using the remain-
ing 144 x vectors. We then use the omitted x vectors for 
validation each time and enforce that the minimum score 
of the omitted x vectors must be positive to pass. This 
process is repeated ten times.

Results
Optimization
The results of the optimization and ten-fold validation 
are summarized in Table 4.

The w values in Table 4 are the converged weight fac-
tors. For each iteration, the minimum training score is 

the minimum score difference in the 144 x vectors used 
for optimization, while the ten-fold test score is the mini-
mum score difference in the omitted 16 x vectors used for 
validation. The results show that all but iterations 5 and 
6 converge to a consistent set of weight factors w* = {1, 
1, 1, 1, 0.8, 0.8, 0, 0, 1.2, 1.2, 1, 2} with positive ten-fold 
test score. In contrast, the ten-fold test score of itera-
tion 5 and 6 are non-positive, which means that within 
the 16 omitted cases, at least one wrongly mapped 
chemical name has a score that is higher or equal to 
the ground truth. If we adopt the converged weight fac-
tors in iterations 5 and 6, we know that ChemProps will 
return wrong chemical names in these cases. Our next 
step is to check the validity of w* over the training data 
in iterations 5 and 6 by recomputing the minimum train-
ing score and the ten-fold test score of the two iterations 
when the original converged weight factors are replaced 
with w*. Positive values for both updated scores indicate 
that we can consider w* a feasible solution to our opti-
mization problem on the training set. w* works for the 
iteration 5, whose min training score decreases from 1 
to 0.8 and ten-fold test score increases from 0 to 0.8. w* 
also works for the iteration 6, whose min training score 
remains the same at 0.8 and ten-fold score increases from 

Fig. 4 Structure of training data for weights optimization
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− 1 to 1.6. Therefore, we have shown that w* is a feasible 
solution on the training set.

The final step is to verify that w* also works for the 54 
SPs from the test set. We configure ChemProps algo-
rithm section to use w* and feed the 54 SPs to the API. 
All SPs have the correct mapping returned, indicating 

w* is a feasible solution to our optimization problem. 
Note that w* assigns zero weight to algorithm #7 and #8, 
which are TradeName related. It shows trade names are 
at this point not an important mapping feature. However, 
we retain them in the overall framework as the weight 
factors will continue to evolve through the presented 

Fig. 5 Example of the score difference derivation

Table 4 Results of weight vector optimization and ten-fold validation

Fold w1 w2 w3 w4 w5 w6 w7 w8 w9 w10 w11 w12 Min training 
score

Ten-fold 
test score

1 1 1 1 1 0.8 0.8 0 0 1.2 1.2 1 2 0.8 0.8

2 1 1 1 1 0.8 0.8 0 0 1.2 1.2 1 2 0.8 2.4

3 1 1 1 1 0.8 0.8 0 0 1.2 1.2 1 2 0.8 2.4

4 1 1 1 1 0.8 0.8 0 0 1.2 1.2 1 2 0.8 0.8

5 1 1 1 1 1 1 0 0 1 1 1 2 1 0

6 1 1 1 1 0.8 0.8 1 1 1.2 1.2 1 1 0.8 − 1

7 1 1 1 1 0.8 0.8 0 0 1.2 1.2 1 2 0.8 0.8

8 1 1 1 1 0.8 0.8 0 0 1.2 1.2 1 2 0.8 2

9 1 1 1 1 0.8 0.8 0 0 1.2 1.2 1 2 0.8 1.6

10 1 1 1 1 0.8 0.8 0 0 1.2 1.2 1 2 0.8 1.6
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optimization pipeline as ChemProps grows. It is also 
noted that due to the source of NanoMine data being 
mostly published literature, none of the current SPs, 
training or test, contain SMILES. That is why the weight 
of algorithm 1 is the same as the initial value in any itera-
tion. We assume SMILES as a chemical identifier is reli-
able if provided. We keep the weight for algorithm #1 
as one and as more data enters the system with SMILES 
fields, the coefficients will evolve.

Example of API access for ChemProps
In this example we introduce how to use python to 
access ChemProps API. More examples for accessing 

by Javascript, Java, Go and PHP are provided (see 
Additional file  1). The package requirement includes 
requests, which can be installed through “pip install 
requests” in the command line. Users must login 
into NanoMine platform by InCommon or OneLink 
accounts to request for tokens needed for API calls. 
Procedures to apply for the account and to request for 
tokens are provided elsewhere (see Additional file 1). 
Once the token is obtained, users can use the fol-
lowing scripts to use ChemProps API and search, for 
example, polystyrene:

import requests 

TOKEN = '$your_token' 

CP_URL = 'https://materialsmine.org/nmr/api/chemprops' 

payload = { 

'dataformat':'json',  

'polfil':'pol',  

'ChemicalName': 'polystyrene',  

'Abbreviation': 'PS',  

'TradeName': 'Styrofoam', 

'SMILES': '*CC(*)c1ccccc1' 

} 

headers = {'Authorization': 'Bearer {}'.format(TOKEN)} 

r = requests.get(CP_URL, params=payload, headers=headers) 

data = r.json() 

The returned data variable is a dict object that takes the form of: 

{'StandardName': 'Polystyrene', 'density': '1.04', 

'uSMILES': 'C(C(C1=CC=CC=C1)[*])[*]'} 
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As guided in Table  1, users can replace the corre-
sponding payload parameters with their values. Optional 
parameters like Abbreviation, TradeName, and SMILES 
can be removed from the payload in the previous 
example.

Example of GUI access for ChemProps
In addition to the ChemProps API, we also developed 
a Graphical User Interface (GUI) for users that are not 
familiar with API calls. We make the GUI open for users 
without an InCommon or OneLink account. Figure  6 
shows the ChemProps GUI.

Users can select search for either polymer or filler and 
put the keywords into the corresponding text boxes. For 
polymer search, a convenient quick search box is enabled, 
where users can input any one of the chemical name, 
abbreviation, SMILES or trade name to do the search. 
An extra feature as compared to the API call is that the 
chemical structure and formula [29] will be displayed 
on the page when a result is found in ChemProps poly-
mer database. If no results are found in ChemProps, the 
page will display a warning message “No results found. 
Admin alerted to update the database. Please try again in 
a week.” with an error code 404.

Discussion
ChemProps is a hub that acknowledges the large number 
of variations of names for polymers, merges those ali-
ases in an intelligent and systematic way, and speaks the 
languages that both computer and materials scientists 
understand. Apart from its potential in Materials Infor-
matics in the future, it can be useful to the materials sci-
ence community immediately. Similar to the example of 
Reaxys, widely used chemical databases like ChEBI use 
text search for chemicals by default, which brings incon-
sistency in the results.3

With ChemProps, those chemical databases can comb 
their polymer data and remove the duplicates as needed.

Another immediate usage of ChemProps is to convert 
common polymer names to uSMILES. Since the intro-
duction of SMILES, major polymer related chemical 
databases gradually support the more accurate “search 
by SMILES” function. However, many researchers do 
not read or speak SMILES. This language barrier stops 
users from utilizing the more advanced searching func-
tionalities. ChemProps can act as a bridge to enable gen-
eral chemical name querying in those databases instead 
of using the complicated SMILES. A general workflow 
could be (1) users input chemical names in the search 
box of those databases as usual (2) the search function 

Fig. 6 The ChemProps Graphical User Interface [35]

3 5 entries were found by searching for Poly(methyl-methacrylate), while 52 
entries were found by searching for polymethyl methacrylate on ChEBI.
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makes an API call to ChemProps (3) ChemProps returns 
the result including the uSMILES (4) the search func-
tion uses the returned uSMILES for accurate search-
ing. We must point out that since SMILES are software 
generated, it has different flavors. To reduce the impact 
of those software generated flavors, ChemProps uses 
uSMILES throughout the system. So ChemProps returns 
uSMILES only. To use ChemProps as a bridge for query-
ing by SMILES, it is recommended that our potential col-
laborators also use uSMILES generated by the SMILES 
translation module of ChemProps to be consistent with 
ChemProps such that the returned value of an API call to 
ChemProps can be used in query directly.

Beyond the original purpose of ChemProps, we have 
discovered that a robust solution to the polymer index-
ing problem in NanoMine has led to the solutions of 
related problems. For example, the amount of filler in a 
composite system can be expressed by mass fraction or 
volume fraction, which are convertible if the densities 
of the polymer matrix and the filler are available. How-
ever, such data are not typically provided in publications. 
By standardizing the polymer and filler names, we have 
been able to use ChemProps to automatically populate 
the density data to initiate the mass fraction – volume 
fraction conversion process. Now that the naming issue 
is solved, there are yet other automation agents can be 
enabled beyond the mass fraction – volume fraction 
conversion agent. For example, an autonomic inference 
agent that populates storage modulus and loss modulus 
for polymers can be written readily to deploy. Single-
value properties that do not vary significantly within the 
same polymer class like dielectric constants in the poly-
mer database prepared by Huan et  al. [30] can also be 
readily integrated into ChemProps thanks to its ability 
to resolve polymer names in different forms and flexible 
data ingestion design. Beyond properties, we can couple 
with another effort to produce better polymer indexing 
entitled BigSMILES [16] by ingesting the BigSMILES rep-
resentations that were specifically designed for polymer 
systems into the ChemProps database to provide another 
machine-readable representation in the output of the 
ChemProps API.

An emerging machine-readable format of chemical 
mixtures are valuable to Materials Informatics, especially 
polymer composite data resources like NanoMine since 
mixtures have a significant presence throughout the pro-
cessing steps [31]. However, currently polymers need to 
be defined by names or database identifiers due to the 
size of macromolecules as stated by the authors. ChemP-
rops could help with the issue since it standardizes poly-
mer names and provides the associated uSMILES, which 
is machine-readable. In line with the effort to describe the 

processing steps, a recent work named PolyName2Struc-
ture [32] seeks to convert polymer name representa-
tions to monomer structures, predict the polymerization 
pathway and identify the reaction groups. In addition 
to IUPAC names and source-based names, PolyName-
2Structure also accepts common names by passing it to 
an in-house dictionary to resolve the structures. Poly-
Name2Structure can expand the range of feasible com-
mon names by making an API call to ChemProps.

Conclusion
In this work, we propose a twelve algorithm based map-
ping methodology named ChemProps that is opti-
mized to solve a polymer indexing issue which routinely 
impedes the progress of Materials Informatics for poly-
meric based systems. ChemProps acknowledges the large 
number of variations of names for polymers, merges 
those aliases in an intelligent and systematic way, and 
speaks the languages that both computer and materi-
als scientists understand. A cloud-based design makes 
ChemProps not only reliable but also easy for admins to 
add data and expand properties. With the RESTful API, 
users can access the powerful service with a few sim-
ple lines of HTTP request or through the user-friendly 
graphical user interface powered by ChemProps API 
with quick search function enabled.

To ensure the accuracy of ChemProps, we assign a 
weight factor to each algorithm to generate scores for 
candidate chemical names and optimize them using the 
data from NanoMine. We favor the cases when ground 
truth chemical names have a higher score than other 
candidate chemical names as the correct mapping will 
be returned. Therefore, our goal is to maximize the score 
difference between the ground truth and other candidate 
chemical names. To further reduce the computational 
problem, we maximize the minimum value of the score 
difference between the ground truth chemical name 
and the other candidate chemical names. Ten-fold vali-
dation is utilized on the training data points to prevent 
overfitting issues. We configured ChemProps with the 
converged set of weight factors using training data and 
tested it on the test-set searching packages. A 100% test 
accuracy is achieved. The weight factors of two algo-
rithms related with trade names currently converge to 
zero, showing that trade name might not be an impor-
tant mapping feature at present. However, we retain the 
two algorithms in the overall framework since the weight 
factors will evolve through the same optimization pipe-
line as ChemProps grows. In the current set of data, we 
use 166 searching packages (each corresponding to a 
unique polymer) as training data, retaining 54 searching 
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packages for testing. It is important to note that Chem-
Props is continuously growing and the living algorithm 
presented here will be continuously run to update the 
weighting functions as new polymers are added to the 
system.

We believe ChemProps can contribute to the commu-
nity in several ways. First, other polymer databases can 
use ChemProps to comb their data and remove duplicate 
entries. Second, other polymer databases that enables the 
more accurate “search by SMILES” function can allow 
users to input common human-readable names while 
using ChemProps as a translator through API calls to 
conduct SMILES search in the backend. Third, the easy-
to-update design makes ChemProps a good tool to auto-
populate polymer properties, which is useful to enable 
a growing array of automated agents for materials data 
resources.

Abbreviations
PMMA: Poly(methyl methacrylate); IUPAC: International Union of Pure and 
Applied Chemistry; SMILES: Simplified Molecular-Input Line-Entry System; 
InChI: International Chemical Identifier; API: Application Programming Inter-
face; REST: REpresentational State Transfer; uSMILES: Kekule unique SMILES; 
BOW: Bag-Of-Word notation; BOC: Bag-Of-Character notation; SP: Searching 
Package; GRG : Generalized Reduced Gradient; GUI: Graphical User Interface.

Supplementary Information
The online version contains supplementary material available at https ://doi.
org/10.1186/s1332 1-021-00502 -6.

 Additional file 1. Detailed instructions on how to access ChemProps API.

Acknowledgements
We would like to thank Erik Daughtrey and Tolulomo Fateye for building the 
RESTful API service for ChemProps. We would like to thank group members of 
Brinson Advanced Materials Lab at Duke University for ideas on refining the 
mapping algorithms.

Authors’ contributions
BH: design and implementation, AL: data preparation, CB: supervision. All 
authors read and approved the final manuscript.

Funding
The authors gratefully acknowledge support of the NSF CSSI program 
(OAC-1835677).

Availability of data and materials
The source code of ChemProps and a copy of the raw data are openly avail-
able at https ://githu b.com/Duke-MatSc i/ChemP rops. The ChemProps GUI is 
available at https ://mater ialsm ine.org/nm#/ChemP rops.

Declarations

Competing interests
The authors declare no competing interests.

Received: 10 December 2020   Accepted: 1 March 2021

References
 1. Agrawal A, Choudhary A (2016) Perspective: Materials informatics and big 

data: realization of the “fourth paradigm” of science in materials science. 
APL Mater. https ://doi.org/10.1063/1.49468 94

 2. Rajan K (2015) Materials informatics: the materials “gene” and Big Data. 
Annu Rev Mater Res. https ://doi.org/10.1146/annur ev-matsc i-07021 
4-02113 2

 3. Himanen L, Geurts A, Foster AS, Rinke P (2019) Data-driven materials sci-
ence: status, challenges, and perspectives. Adv, Sci, p 6

 4. Webb MA, Jackson NE, Gil PS, de Pablo JJ (2020) Targeted sequence 
design within the coarse-grained polymer genome. Sci Adv. https ://doi.
org/10.1126/sciad v.abc62 16

 5. Ramprasad R, Batra R, Pilania G et al (2017) Machine learning in materials 
informatics: Recent applications and prospects. NPJ Comput Mater. https 
://doi.org/10.1038/s4152 4-017-0056-5

 6. Tchoua R, Ajith A, Hong Z et al (2019) Active learning yields better train-
ing data for scientific named entity recognition. eScience 2019:126–135. 
https ://doi.org/10.1109/eScie nce.2019.00021 

 7. Audus DJ, De Pablo JJ (2017) Polymer informatics: opportunities and 
challenges. ACS Macro Lett 6:1078–1082. https ://doi.org/10.1021/acsma 
crole tt.7b002 28

 8. Reaxys. https ://www.reaxy s.com
 9. Bolton EE, Wang Y, Thiessen PA, Bryant SH (2008) Chapter 12 PubChem: 

Integrated Platform of Small Molecules and Biological Activities. In: 
Annual Reports in Computational Chemistry

 10. de Matos P, Alcántara R, Dekker A et al (2009) Chemical entities of biologi-
cal interest: an update. Nucleic Acids Res. https ://doi.org/10.1093/nar/
gkp88 6

 11. Weisgerber DW (1997) Chemical abstracts service chemical registry 
system: History, scope, and impacts. J Am Soc Inf, Sci, p 48

 12. Williams AJ, Ekins S, Tkachenko V (2012) Towards a gold standard: Regard-
ing quality in public domain chemistry databases and approaches to 
improving the situation. Drug Discov Today 17:685–701. https ://doi.
org/10.1016/j.drudi s.2012.02.013

 13. Weininger D (1988) SMILES, a chemical language and information system: 
1: introduction to methodology and encoding rules. J Chem Inf Comput 
Sci. https ://doi.org/10.1021/ci000 57a00 5

 14. Heller S, McNaught A, Stein S et al (2013) InChI—The worldwide chemical 
structure identifier standard. J Cheminform. 5:78

 15. Akhondi SA, Kors JA, Muresan S (2012) Consistency of systematic chemi-
cal identifiers within and between small-molecule databases. J Chemin-
form 4:1. https ://doi.org/10.1186/1758-2946-4-35

 16. Lin TS, Coley CW, Mochigase H et al (2019) BigSMILES: a structurally-based 
line notation for describing macromolecules. ACS Cent Sci 5:1523–1531. 
https ://doi.org/10.1021/acsce ntsci .9b004 76

 17. OPTIMADE - Open Databases Integration for Materials Design. https ://
www.optim ade.org/

 18. Taylor RH, Rose F, Toher C et al (2014) A RESTful API for exchanging 
materials data in the AFLOWLIB.org consortium. Comput Mater Sci 
93:178–192. https ://doi.org/10.1016/j.comma tsci.2014.05.014

 19. Gossett E, Toher C, Oses C et al (2018) AFLOW-ML: A RESTful API for 
machine-learning predictions of materials properties. Comput Mater Sci 
152:134–145. https ://doi.org/10.1016/j.comma tsci.2018.03.075

 20. ChemProps API. https ://mater ialsm ine.org/nmr/api/chemp rops
 21. Online SMILES Translator and Structure File Generator. https ://cactu s.nci.

nih.gov/trans late/index .html
 22. Weininger D, Weininger A, Weininger JL (1989) SMILES. 2. Algorithm 

for Generation of Unique SMILES Notation. J Chem Inf Comput Sci 
29:97–101. https ://doi.org/10.1021/ci000 62a00 8

 23. Kim C, Chandrasekaran A, Huan TD et al (2018) Polymer genome: a data-
powered polymer informatics platform for property predictions. J Phys 
Chem C 122:17575–17585. https ://doi.org/10.1021/acs.jpcc.8b029 13

 24. SMILES_standardize_API. https ://githu b.com/bingy inh/SMILE S_stand 
ardiz e_API

 25. Online Materials Information Resource—MatWeb. http://www.matwe 
b.com/

 26. CROW. http://www.polym erdat abase .com/
 27. Alger M (2017) Polymer Science Dictionary. Springer Science & Business 

Media

https://doi.org/10.1186/s13321-021-00502-6
https://doi.org/10.1186/s13321-021-00502-6
https://github.com/Duke-MatSci/ChemProps
https://materialsmine.org/nm#/ChemProps
https://doi.org/10.1063/1.4946894
https://doi.org/10.1146/annurev-matsci-070214-021132
https://doi.org/10.1146/annurev-matsci-070214-021132
https://doi.org/10.1126/sciadv.abc6216
https://doi.org/10.1126/sciadv.abc6216
https://doi.org/10.1038/s41524-017-0056-5
https://doi.org/10.1038/s41524-017-0056-5
https://doi.org/10.1109/eScience.2019.00021
https://doi.org/10.1021/acsmacrolett.7b00228
https://doi.org/10.1021/acsmacrolett.7b00228
https://www.reaxys.com
https://doi.org/10.1093/nar/gkp886
https://doi.org/10.1093/nar/gkp886
https://doi.org/10.1016/j.drudis.2012.02.013
https://doi.org/10.1016/j.drudis.2012.02.013
https://doi.org/10.1021/ci00057a005
https://doi.org/10.1186/1758-2946-4-35
https://doi.org/10.1021/acscentsci.9b00476
https://www.optimade.org/
https://www.optimade.org/
https://doi.org/10.1016/j.commatsci.2014.05.014
https://doi.org/10.1016/j.commatsci.2018.03.075
https://materialsmine.org/nmr/api/chemprops
https://cactus.nci.nih.gov/translate/index.html
https://cactus.nci.nih.gov/translate/index.html
https://doi.org/10.1021/ci00062a008
https://doi.org/10.1021/acs.jpcc.8b02913
https://github.com/bingyinh/SMILES_standardize_API
https://github.com/bingyinh/SMILES_standardize_API
http://www.matweb.com/
http://www.matweb.com/
http://www.polymerdatabase.com/


Page 13 of 13Hu et al. J Cheminform           (2021) 13:22  

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

 28. Zhang Y, Jin R, Zhou ZH (2010) Understanding bag-of-words model: A 
statistical framework. Int J Mach Learn Cybern. https ://doi.org/10.1007/
s1304 2-010-0001-0

 29. Probst D, Reymond JL (2018) SmilesDrawer: parsing and drawing SMILES-
encoded molecular structures using client-side JavaScript. J Chem Inf 
Model. https ://doi.org/10.1021/acs.jcim.7b004 25

 30. Huan TD, Mannodi-Kanakkithodi A, Kim C et al (2016) A polymer dataset 
for accelerated property prediction and design. Sci Data 3:1–10. https ://
doi.org/10.1038/sdata .2016.12

 31. Clark AM, McEwen LR, Gedeck P, Bunin BA (2019) Capturing mixture 
composition: an open machine-readable format for representing mixed 
substances. J Cheminform 11:1–17. https ://doi.org/10.1186/s1332 
1-019-0357-4

 32. Lin C, Wang P-H, Hsiao Y et al (2020) Essential step toward mining big pol-
ymer data: polyname2structure, mapping polymer names to structures. 

ACS Appl Polym Mater 2:3107–3113. https ://doi.org/10.1021/acsap 
m.0c002 73

 33. SID 319065734—PubChem. https ://pubch em.ncbi.nlm.nih.gov/subst 
ance/31906 5734#secti on=Depos itor-Suppl ied-Synon yms

 34. polystyrene polymer (CHEBI:61642). https ://www.ebi.ac.uk/chebi /searc 
hId.do?chebi Id=CHEBI :61642 

 35. NanoMine Nanocomposites Data Resource—ChemProps. https ://mater 
ialsm ine.org/nm#/chemp rops

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://doi.org/10.1007/s13042-010-0001-0
https://doi.org/10.1007/s13042-010-0001-0
https://doi.org/10.1021/acs.jcim.7b00425
https://doi.org/10.1038/sdata.2016.12
https://doi.org/10.1038/sdata.2016.12
https://doi.org/10.1186/s13321-019-0357-4
https://doi.org/10.1186/s13321-019-0357-4
https://doi.org/10.1021/acsapm.0c00273
https://doi.org/10.1021/acsapm.0c00273
https://pubchem.ncbi.nlm.nih.gov/substance/319065734#section=Depositor-Supplied-Synonyms
https://pubchem.ncbi.nlm.nih.gov/substance/319065734#section=Depositor-Supplied-Synonyms
https://www.ebi.ac.uk/chebi/searchId.do?chebiId=CHEBI:61642
https://www.ebi.ac.uk/chebi/searchId.do?chebiId=CHEBI:61642
https://materialsmine.org/nm#/chemprops
https://materialsmine.org/nm#/chemprops

	ChemProps: A RESTful API enabled database for composite polymer name standardization
	Abstract 
	Introduction
	Methods
	Structure of ChemProps API
	Data
	Weighted voting algorithm for name mapping

	Results
	Optimization
	Example of API access for ChemProps
	Example of GUI access for ChemProps

	Discussion
	Conclusion
	Acknowledgements
	References




