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Objective
Beta-lactamase is a bacterial enzyme produced to resist 
beta-lactam antibiotic drugs [1], one of the three largest 
antibacterial classes commonly used to treat infection 
[2]. Therefore, beta-lactamase contributes to a current 
drug-resistant infection problem worldwide. Even though 
computational docking simulation offers a fast pace in 
the drug discovery process, it has a significant limitation: 
a low percentage success rate [3, 4]. To provide a prove-
of-concept to overcome this limitation, this dataset was 
collected using an in-house chemical library, FARM-BIO-
MOL - FAUPharmaceutical biology -BioactiveMolecules 
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Abstract
Objectives  Beta-lactamase is a bacterial enzyme that deactivates beta-lactam antibiotics, and it is one of the 
leading causes of antibiotic resistance problems globally. In current drug discovery research, molecular simulation, 
like molecular docking, has been routinely integrated to virtually screen an enzyme inhibitory effect. However, a 
commonly known limitation of molecular docking is a low percent success rate. Previously, we reported a proof-
of-concept of combining machine learning with a quantitative structure-activity relationship (QSAR) model that 
overcame this limitation (​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​8​6​​/​s​​1​3​0​6​5​-​0​2​4​-​0​1​3​2​4​-​x). Here, we presented and navigated the dataset 
used in our previous report, including sixty trained models (thirty for random forest and another thirty for logistic 
regression).

Data description  This data note has three essential parts. The first part is an in vitro beta-lactamase inhibitory 
screening of eighty-nine bioactive molecules. The second part consisted of three molecular docking approaches 
(AutoDock Vina, DOCK6, and consensus docking). The last part is machine learning integrated with QSAR models. 
Therefore, this data note is vital for further model development to increase performance.

Keywords  Machine learning, Random forest, Logistic regression, Molecular docking, AutoDock vina, DOCK6, 
Consensus docking, Physio-chemical descriptors, And QSAR
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(​h​t​t​p​​s​:​/​​/​p​h​a​​r​m​​b​i​o​​-​f​a​​u​-​e​r​​l​a​​n​g​e​​n​.​g​​i​t​h​u​​b​.​​i​o​/​F​A​R​M​-​B​I​O​M​
O​L​/), at the Division of Pharmaceutical ​B​i​o​l​o​g​y​, Depart-
ment of Biology, Faculty of Natural Sciences, Friedrich-
Alexander-Universität Erlangen-Nürnberg, Erlangen, 
Germany [5]. Our previous work used this dataset to 
establish machine learning-based quantitative structure-
activity relationship (QSAR) models (​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​
0​.​​1​1​8​6​​/​s​​1​3​0​6​5​-​0​2​4​-​0​1​3​2​4​-​x) [6]. There are three main 
aims in this data note. The first aim is to share our bio-
logical experimental data with the public to advance 
anti-biotic-resistant drug discovery studies since there 
are some first-time reports of natural products against 
beta-lactamase. The second and third aims are to grant 
the public access to our optimized docking protocol for 
virtual screening against beta-lactamase and all sixty 
constructed machine learning models (thirty for random 
forest and another thirty for logistic regression).

Data description
Beta-lactamase inhibitory screening
In this data file (Data file 1, Table  1), eighty-nine bio-
molecules from FARM-BIOMOL [5] were tested against 
beta-lactamase using a standard in vitro colorimetric 
enzyme binding assay monitored by a microplate reader 
from our previous work. The basic principle of this assay 
is when there is no inhibitor in the test system, the free 
enzymes can freely convert substrates to products, lead-
ing to a change of color in the test system. On the other 
hand, when inhibitors are presented in the test system, 
there will be fewer free active enzymes, leading to a 
lower substrate-product conversion rate and altering the 
change of color in the test system. The color change here 
can be monitored using a microplate reader’s optical den-
sity (OD). Finally, each biomolecule tested system’s OD 
is normalized with the reference system’s OD (without 
an inhibitor) to calculate percent inhibition. In this data 
file, we provided a percent inhibition, standard deviation 
(SD), and standard error of mean (SEM) of eighty-nine 
tested biomolecules from the FARM-BIOMOL chemical 
library [5] with its simplified molecular input line entry 
system or SMILE data for a 1D chemical annotation.

Docking simulation
As shown in Table 1, three files, data files 2 to 4, involve 
molecular docking simulation. The first data file (Data 
file 2) is for molecular docking obtained from AutoDock 
Vina or AD Vina [7]. The second data file (Data file 3) 
represents a docking result obtained from DOCK6 [8]. 
Finally, Data file 4 is an outcome of consensus docking, 
combining AD Vina and DOCK6 results. Even though 
docking simulations were conducted differently, the 
simulation’s principle was the same. Each software pre-
dicts a molecular binding score between a compound 
of interest’s optimized 3D chemical structure and the 
beta-lactamase binding site (an active site). Both data 
files (Data files 2 and 3) contained all 3D chemical struc-
tures of eighty-nine compounds and predicted binding 
score obtained from each software. They included a pre-
processed 3D structure of beta-lactamase, eighty-nine 
compounds from FRAM-BIOMOL [5], a validated dock-
ing protocol, a virtual screening command script, and a 
result in a separate folder. Data file 4, consensus docking, 
was obtained by comparing and identifying AD Vina [7] 
and DOCK6 [8] results after sorting docking scores in 
percentile from each program. The 50% percentile was 
used as a cutoff threshold. The result of consensus was 
provided in two scoring systems. The first was a binary 
score (1 = consensus positive and 2 = consensus negative), 
and the second was a summary score combining AD Vina 
[7] and DOCK6 [8] binding scores.

Machine learning-based QSAR model
We analyzed two machine learning algorithms: random 
forest (Data file 5) and logistic classification (Data file 
6). Each algorithm generated thirty models, and the best 
model was defined by the highest accuracy and receiver 
operating characteristic area under the curve (ROC-
AUC) scores. 1,875 physicochemical property descriptors 
were generated using PaDEL software [9], and a consen-
sus binary score was used as an additional descriptor. 
Finally, a complete data set can be downloaded via Data 
Set 1 from Table 1.

Table 1  Overview of data files/data sets
Label Name of data file/data set File types

(file extension)
Data repository and identifier (DOI or accession number)

Data file 1 Beta-lactmase_inhibitoryscreen.csv .csv Zenodo (​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​5​2​8​1​​/​z​​e​n​o​d​o​.​1​3​3​7​8​9​5​4) [10]
Data file 2 Docking_vina.zip .zip Zenodo (​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​5​2​8​1​​/​z​​e​n​o​d​o​.​1​3​3​7​8​9​5​4) [10]
Data file 3 Docking_dock6.zip .zip Zenodo (​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​5​2​8​1​​/​z​​e​n​o​d​o​.​1​3​3​7​8​9​5​4) [10]
Data file 4 Docking_consensus.zip .zip Zenodo (​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​5​2​8​1​​/​z​​e​n​o​d​o​.​1​3​3​7​8​9​5​4) [10]
Data file 5 RandomForest-QSAR.zip .zip Zenodo (​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​5​2​8​1​​/​z​​e​n​o​d​o​.​1​3​3​7​8​9​5​4) [10]
Data file 6 Logistic-QSAR.zip .zip Zenodo (​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​5​2​8​1​​/​z​​e​n​o​d​o​.​1​3​3​7​8​9​5​4) [10]
Data set 1 ThanetPi/ML-QSAR-Docking-Proof-of-Concept: v.1.0.2024 .zip Zenodo (​h​t​t​p​s​:​​​/​​/​d​o​​i​.​​o​r​​g​​/​​1​0​​.​5​2​​​8​1​​/​z​e​n​​o​d​o​.​1​3​3​7​8​5​6​0) [11]

https://pharmbio-fau-erlangen.github.io/FARM-BIOMOL/
https://pharmbio-fau-erlangen.github.io/FARM-BIOMOL/
https://doi.org/10.1186/s13065-024-01324-x
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https://doi.org/10.5281/zenodo.13378954
https://doi.org/10.5281/zenodo.13378954
https://doi.org/10.5281/zenodo.13378954
https://doi.org/10.5281/zenodo.13378954
https://doi.org/10.5281/zenodo.13378954
https://doi.org/10.5281/zenodo.13378954
https://doi.org/10.5281/zenodo.13378560
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Limitations
The main limitation of this dataset is its relatively small 
size. This limitation applies to broad aspects of this data-
set, as shown below.

 	• From natural product chemistry, the chemical 
compounds in FARM-BIOMOL [5] only represent a 
fraction of the natural products class.

 	• From enzyme biology, only one category of beta-
lactamase was tested (there are four in total) [12].

 	• From docking simulation, only two docking software 
were utilized.

 	• From machine learning and the QSAR model 
establishment, less specific physicochemical property 
descriptors were generated from an open-source 
program; this dataset only used non-engineer 
features and one machine learning algorithm 
(random forest).

Even if the proof-of-concept model was established and 
demonstrated an accepted performance, careful evalua-
tion before using this data is required to avoid undesir-
able outcomes.

Abbreviations
FARM-BIOMOL	� FAU Pharmaceutical Biology-Bioactive molecules chemical 

library
QSAR	� Quantitative structure-activity relationship
OD	� Optical density
SD	� Standard deviation
SEM	� Standard error of mean
AD Vina	� AutoDock Vina

Author contributions
TP conceptualizes the manuscript. TP, JM, WX, YW, and GF contributed to a 
research methodology. TP, WX, and YW provide the necessary software. TP 
performs a complete set of biological investigations and major computations. 
WX conducts a part of the computation (Docking). TP writes the original and 
revises the manuscript. GF (majorly) and TP acquire research funding from 
Germany, while YW acquires the financing from China. All authors have read 
and agreed to the published version of this manuscript.

Funding
Open Access funding enabled and organized by Projekt DEAL.
The authors received research funding from Dr. Hertha und Helmut 
Schmauser-Stiftung from Faculty of Natural Sciences, FAU, for partly financial 
support in an experimental setup and chemical library expansion, a binary 
research collaboration from the Projektbezogener Wissenschaftleraustausch 
from Das Bayerische Hochschulzentrum für China (BayCHINA), Germany, and 
the CAS President’s International Fellowship Initiative (PIFI program) from 
China.

Data availability
The data described in this Data note can be freely and openly accessed on 
https://zenodo.org under ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​5​2​8​1​​/​z​​e​n​o​d​o​.​1​3​3​7​8​9​5​4. and ​h​t​t​

p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​5​2​8​1​​/​z​​e​n​o​d​o​.​1​3​3​7​8​5​6​0. Please see Table 1 and references [10, 
11] for details and links to the data.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 11 September 2024 / Accepted: 19 February 2025

References
1.	 Murray CJL, Ikuta KS, Sharara F, Swetschinski L, Aguilar GR, Gray A, et al. Global 

burden of bacterial antimicrobial resistance in 2019: a systematic analysis. 
Lancet. 2022;399:629–55.

2.	 Anderson SJ, Feye KM, Schmidt-McCormack GR, Malovic E, Mlynarczyk GSA, 
Izbicki P, et al. Off-Target drug effects resulting in altered gene expres-
sion events with epigenetic and Quasi-Epigenetic origins. Pharmacol Res. 
2016;107:229–33.

3.	 Palacio-Rodríguez K, Lans I, Cavasotto CN, Cossio P. Exponential consensus 
ranking improves the outcome in Docking and receptor ensemble Docking. 
Sci Rep. 2019;9:5142.

4.	 Scardino V, Bollini M, Cavasotto N. Combination of pose and rank consen-
sus in docking-based virtual screening: the best of both worlds. RSC Adv. 
2021;11:35383–91.

5.	 Thanet_Pitakbut. ThanetPi/farmbiomol: public-release-v.1.0.2024. 2024.
6.	 Pitakbut T, Munkert J, Xi W, Wei Y, Fuhrmann G. Utilizing machine learning-

based QSAR model to overcome standalone consensus Docking limitation 
in beta-lactamase inhibitors screening: a proof-of-concept study. BMC Chem. 
2024;18:249.

7.	 Eberhardt J, Santos-Martins D, Tillack AF, Forli S. AutoDock Vina 1.2.0: new 
Docking methods, expanded force field, and Python bindings. J Chem Inf 
Model. 2021;61:3891–8.

8.	 Allen WJ, Balius TE, Mukherjee S, Brozell SR, Moustakas DT, Lang PT, et al. 
DOCK 6: impact of new features and current Docking performance. J Com-
put Chem. 2015;36:1132–56.

9.	 Yap CW. PaDEL-descriptor: an open source software to calculate molecular 
descriptors and fingerprints. J Comput Chem. 2011;32:1466–74.

10.	 Pitakbut T, Jennifer J, Xi W, Wei Y, Fuhrmann G. A dataset for Establishing a 
machine learning-based QSAR model to screen beta-lactamase inhibitors 
using the FARM -BIOMOL chemical library. 2024.

11.	 ThanetPi. ThanetPi/ML-QSAR-Docking-Proof-of-Concept: v.1.0.2024. 2024.
12.	 Tooke CL, Hinchliffe P, Bragginton EC, Colenso CK, Hirvonen VHA, Takebayashi 

Y, et al. β-Lactamases and β-Lactamase inhibitors in the 21st century. J Mol 
Biol. 2019;431:3472–500.

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations.

https://zenodo.org
https://doi.org/10.5281/zenodo.13378954
https://doi.org/10.5281/zenodo.13378560
https://doi.org/10.5281/zenodo.13378560

	﻿A dataset for machine learning-based QSAR models establishment to screen beta-lactamase inhibitors using the FARM -BIOMOL chemical library
	﻿Abstract
	﻿Objective
	﻿Data description
	﻿Beta-lactamase inhibitory screening
	﻿Docking simulation
	﻿Machine learning-based QSAR model
	﻿Limitations

	﻿References


