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Conclusion

• With an improved baseline error rate over COSMO-RS, the application of this
framework is a low-risk and overall enhancement in predictive capability

• The standard of performance meets or exceeds those of alternative ML-based
solubility models insofar as they can be compared, and does so while spanning a
wide range of solvents

• The most emphatic benefits are realised when performing predictions on the same
solute in successive solvents: prior knowledge can be incorporated into the training
set thanks to its multi-solute-multi-solvent structure, improving performance

• The dataset is greatly extensible, accepting solubility data for any single
solute/solvent system and tolerating sparsity

• The framework is modular with respect to the mechanistic model, the molecular
descriptor set and the ML algorithm used: operators may freely swap any of them
for preferred/available techniques

Introduction

We report on the use of a single, unified dataset for
machine learning (ML)-driven solubility prediction across
the chemical space. This was a departure from the
solvent-specific datasets more commonly used.

Working with a modest dataset of 714 experimental data
points spanning 75 solutes and 49 solvents (81% sparsity),
a random forest (RF) was trained to enhance an initial
solubility prediction provided by Conductor like Screening
Model for Real Solvents (COSMO-RS), an industry-
standard model based on thermodynamic laws.
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Results

An initial ML-based model with a prediction RMSE of 0.75
log S for unseen solutes was produced. This compares
favourably with COSMO-RS, which yielded a prediction
RMSE of 0.97 for the same dataset.

Adopting a multi-solute-multi-solvent data structure
enabled the exploitation of valuable relational information
between systems. _

For each data point, a mechanistic prediction was generated
from COSMO-RS. This was used with a standard set of
molecular descriptors for each solute/solvent as input for
ML, which were trained to improve upon the initial result.

COSMO-RS RF, prior data for solute = 0
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The effect was major, with even a single
experimental measurement of a solute in a
different solvent being enough to significantly
improve predictions on it, and successive ones
improving them further.

Error reduced to a mean RMSE of 0.65 when one
instance of the solute (in a different solvent) was
included in the training data; this iteratively
reduced further to 0.60, 0.57 and 0.56 when
two, three and four instances were available,
respectively.

Model COSMO-RS RF 0 RF 1 RF 2 RF 3 RF 4

RMSE 0.97 0.75 0.65 0.60 0.57 0.56

R2 0.30 0.58 0.69 0.73 0.76 0.77

Ref Model Domain RMSE R2
No. of same-
solvent data 
points in set

No. of same-
solute data 
points in set

Total data 
points in set

This 
study 49 solvents 0.75-0.56 0.58-0.77 max 51,

median 10 0-4 714

1 water 0.67 0.81 829 0 829

2 water 0.88 0.45 85 0 85

3 water
(narrow range) 0.71 0.76 560 0 560

3 water
(wide range) 0.71 0.93 900 0 900

3 ethanol 0.79 0.53 695 0 695

3 benzene 0.54 0.75 464 0 464

3 acetone 0.83 0.42 452 0 452

= solubility present in dataset
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Introduction
Large volumes of pharmaceutical manufacturing data have been generated in recent years. A lot of time and effort has been spent producing data but they are, for the most part, scattered, unstructured, not
machine readable and in heterogeneous formats. The work presented here provides integrated management and access to these valuable datasets. The Digital Design Accelerator Platform (DDAP) Extract-
Transform-Load (ETL) tool has been developed to derive maximum value from the data acquisition effort to date and to allow future data to be integrated easily. DDAP ETL with multiple components can
be used for automatic extraction, transformation and loading of heterogeneous pharmaceutical manufacturing data from multiple instruments. It is a collaborative effort to digitalise and make data Findable,
Accessible, Interoperable and Reusable (FAIR). It also provides an opportunity to explore semantic heterogeneity across partners for standardisation efforts and ontology development in the medicine
manufacturing domain. DDAP ETL can help domain experts to reap the benefits of the digital age and extract more value from organised data. It provides a foundation for future analytics and data-driven
projects across the sector. In future AI, predictive analysis, statistical analysis, data visualization, data mining and machine learning techniques can be applied on the extracted data.

Methodology
ETL Extractor
DDAP Extractor is responsible for extracting schema/data from different raw
data sources i.e., Brookfield Powder Flow Tester (PFT), Freeman Technology
FT4 Powder Rheometer, Dr Dietmar Schulze Ring Shear Tester (RST-XS)
and Micromeritics GeoPyc. There is heterogeneity in data at format, schema
and data level and data is not machine readable. Data is available in multiple
formats i.e., MS Excel, text files etc. Format heterogeneity makes it difficult
to integrate so our DDAP-Extractor component resolves the problem of
format heterogeneity by accessing multiple data formats and convert the data
to XML format.

ETL Transformer
With the help of DDAP Transformer, our key requirement is to provide
automatic techniques for schema/data transformation. DDAP Transformer is
responsible for resolving syntactic and semantic heterogeneity.

ETL Loader
Once the extraction and transformation for schema and data is completed, the
data is ready to send to the central repository. The DDAP-Loader component
is responsible to load the data into DDAP repository.

Schema and Data Extraction Process
➢ Freeman Technology FT4 Powder Rheometer’s Compressibility schema and data from

MS Excel to xml by DDAP ETL
➢ Schema for Flow Function from Brookfield Powder Flow Tester.
➢ Schema and data from Micromeritics GeoPyc text file to xml by DDAP ETL.

DDAP ETL Interface DDAP Ontology for Pharmaceutical Manufacturing Domain

Conclusion and Future Work
We have developed DDAP ETL (Extract, Transform and Load) – a tool that can extract pharmaceutical manufacturing data from different sources and develop a mechanism to translate between different
concepts and data from multiple schemas. We have started to develop domain ontology in the pharmaceutical manufacturing domain as a way to represent meta-data and semantics. In future, data from
DDAP ETL can be reused by experts in AI, predictive analysis, statistical analysis, data visualization, data mining and machine learning.

Software Architecture
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