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RepoRT: a comprehensive repository for small 
molecule retention times

L
iquid chromatography (LC) is fre-
quently used to separate metabolites 
and other small molecules. Reten-
tion time is the time required for a 
particular molecule to pass through 

the LC column. Prediction of retention times 
is one of the most investigated problems in 
the field of quantitative structure–property 
relationships1. However, transferable predic-
tions are intrinsically complicated because 
retention times depend on both compound 
structure and the chromatographic system 
used. Despite four decades of development1,2 
and literally hundreds of published machine 
learning models, prediction of small molecule 
retention time is still far from everyday use. 
The resulting models are restricted to the 
chosen specific chromatographic conditions, 
but also by the molecules used in training and 
evaluation. Consequently, few computational 
methods use retention time for compound 
annotation, with at best moderate improve-
ments in annotation power3,4.

We present RepoRT (https://github.com/
michaelwitting/RepoRT), a data repository 
for storing and retrieving retention time 
data as well as rich metadata on chroma-
tographic conditions. RepoRT currently 
contains 373 datasets, 8,809 unique com-
pounds, and 88,325 retention time entries 
measured on 49 different chromatographic 
columns using varying eluents, flow rates, 
and temperatures (Supplementary Note 1, 
Supplementary Fig. 1). Here, 295 datasets 
were measured on reversed-phase columns 
and 71 datasets on hydrophilic interaction 
chromatography (HILIC) columns. Column 
models that are regularly used in metabo-
lomics5 are also well covered in RepoRT. 
The recorded metadata include chromato-
graphic columns, the composition of eluents 
and gradients, and temperatures. Automated 
workflows allow processing and standardiza-
tion of input data. Notably, several datasets 
were imported from PredRet6. To ensure the 
longevity of RepoRT, we use GitHub for data 
storage (Supplementary Table 1). Version 
control allows data to be updated and cor-
rected, and changes are tracked throughout 
this process.

We have put particular emphasis on mak-
ing the data ‘machine learning-ready’. First, 
RepoRT provides molecular structures in 
different formats, including standardized 
SMILES (simplified molecular input line entry 
system), isomeric SMILES and molecular fin-
gerprints (Supplementary Note 2). Isomeric 
SMILES are required to distinguish between 
diastereomers, as these may differ in reten-
tion time (Supplementary Fig. 2). Second, 
we performed extensive manual curation 
for cleaning and completion of the avail-
able data (Supplementary Note 3). Third, 
RepoRT provides information about the 
column model used as real-valued vectors — 
Tanaka and hydrophobic subtraction model 
parameters7,8 describing the column selectiv-
ity — allowing a machine learning model to 
generalize between different columns (Sup-
plementary Note 4, Supplementary Fig. 3, 
Supplementary Tables 2 and 3). To improve 
data quality and reduce the number of mis-
labeled entries, we have developed and inte-
grated data validation steps in the uploading 
procedure (Supplementary Note 5, Fig. 1e,g). 
Datasets in which individual chromato-
graphic parameters are systematically varied 
are presumably highly informative for trans-
ferable machine learning. Consequently, we 
measured 54 such datasets (Supplementary 
Note 6, Supplementary Table 4). To avoid 
differences in spelling of column names, we 
collected more than 45,000 commercially 
available columns with lengths, particle sizes, 
inner diameters, and pore sizes (Supplemen-
tary Table 5). Finally, using GitHub allows us 
to tag a certain version of the repository, 
so that different machine learning models 
can be trained and evaluated on exactly the  
same data.

We analyzed the current coverage of col-
umns, conditions and compounds in RepoRT 
(Supplementary Note 7). The sizes of the 
datasets range from 3 to 2,285 small mole-
cules, with an average of 200 and a median 
of 81 compounds (Fig. 1c,d). Certain small 
molecules appear in a huge number of data-
sets, and 410 can be found in more than 50 
datasets. Next, we examined how the small 
molecules from RepoRT cover the ‘universe of 

small biomolecules’9. For both reversed-phase 
and HILIC column models, compounds in 
RepoRT already provide comprehensive 
coverage (Fig. 1a,b). Next, we examined the 
coverage for some of the largest datasets in 
RepoRT (Supplementary Fig. 4). The differ-
ence in coverage from the whole repository 
is apparent, illustrating the advantage of 
repository-scale training data. Frequently 
occurring compounds are spread across a 
large portion of the space of biomolecules 
(Supplementary Fig. 5). Finally, we examined 
the distribution of compounds in RepoRT 
using two other methods9. For compound 
classes, we observe that RepoRT almost per-
fectly covers the ‘universe of known biomol-
ecules’ (Supplementary Table 6). Similarly, 
the natural product likeness score does not 
reveal bias of the data (Fig. 1f).

Numerous entries in RepoRT are currently 
lacking information on stereochemistry. This 
limits the potential of machine learning mod-
els, in particular for diastereomers. We invite 
providers of reference datasets to include this 
information in the future, or to update exist-
ing datasets. For reversed-phase columns, 
we argue that RepoRT already offers the data 
required to train transferable machine learn-
ing models. Unfortunately, the situation is 
worse for HILIC: not only is the column chem-
istry substantially more diverse, but also we 
do not have broadly available parameters 
to generalize between columns. The chro-
matographic separation in HILIC is driven 
by multiple types of interaction (partition, 
van-der-Waals, electrostatic interaction) and 
no clear separation mechanism can be estab-
lished, making transferable predictions for 
HILIC challenging.

Reporting summary
Further information on research design is 
available in the Nature Research Reporting 
Summary linked to this paper.

Data availability
Data are freely available from the dedicated 
GitHub repository (https://github.com/
michaelwitting/RepoRT). Source data are 
provided with this paper.
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Fig. 1 | RepoRT, a repository for small molecule retention times. a,b, Uniform 
manifold approximation and projection (UMAP) plots of the coverage of 
molecular structures of biological interest. As described in ref. 9, molecular 
structures from the RepoRT repository are projected onto the space of known 
biomolecular structures. RepoRT structures are colored by column type (reverse 
phase (RP) versus HILIC). Structures from the small molecule retention time 
(SMRT) dataset are excluded10 (Supplementary Fig. 1). Projections are shown 
excluding (a) and including (b) outlier lipid clusters. CDP, cytidine diphosphate. 
c,d, Distribution of the number of small molecule entries per dataset, excluding 
SMRT. c, Datasets that contain 1–100 compounds. d, Datasets that contain 100 or 
more compounds. The number of entries per dataset ranges between 3 and 2,285. 

e, Illustration of a data validation method, based on quantitative structure–
property relationships models for an individual dataset. Entries with large errors 
between predicted and reported retention times in cross-validation are flagged 
for manual inspection. f, Distributions of natural product-likeness scores.  
We show kernel density estimates for compounds contained in RepoRT  
excluding SMRT, both for unique compounds and for all entries. For comparison, 
we show scores for biomolecular structures, PubChem structures, and SMRT.  
g, Illustration of a data validation method. For systematic measurements 
spanning multiple datasets, where a single chromatographic parameter is varied, 
double changes in retention order between compound pairs are detected.

http://www.nature.com/naturemethods
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Code availability
All code is freely available from the dedicated 
GitHub repository (https://github.com/
michaelwitting/RepoRT).
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