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Abstract

Protein kinases are the most intensively targeted protein family for small-molecule drugs,
and the large volume of inhibitory-assay data reported for them makes the family particu-
larly well suited to data-driven and machine-learning approaches to drug discovery. This
data, however, is scattered across heterogeneous assays, reports and publications, and its
reuse for modeling requires substantial curation. Here, we present Kinoteca, a curated
database of kinase inhibitory-activity data derived from ChEMBL and accessible through
a web interface for browsing, filtering, visualization and download. Kinoteca reconciles
the multiple raw independent measurements reported for each combination of compound,
kinase and activity type into a single fused activity value, together with a dispersion score
based on the mean unsigned error (MUE) that quantifies how consistent the underlying
measurements were. The database currently organizes curated data for 585 kinases and
arranges them along biologically meaningful groupings such as kinome family, pathway
and source organism. Curated activities can be filtered by the physicochemical properties
of the assayed molecules or by measurement quality, explored through summary statistics,
activity distributions and structural clustering, and exported either as curated or semi-raw
data tables or as molecular structure files. These data formats are suitable for the direct
training of machine learning models, such as activity prediction models. By delivering
reconciled, analysis-ready data with its provenance preserved, Kinoteca aims to lower the
barrier to reproducible, data-driven kinase drug discovery.

Keywords: kinase inhibition; protein kinases; chemical library; cheminformatics; machine
learning; drug discovery; bioactivity database

1. Introduction
Protein kinases catalyze the transfer of a phosphate group from ATP to substrate pro-

teins and thereby regulate nearly every aspect of cellular signalling, including proliferation,
differentiation, metabolism, migration, and apoptosis. The human genome encodes more
than 500 protein kinases, collectively termed the kinome, which are organized into families
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and subfamilies that share a conserved catalytic domain [1]. As the dysregulation of kinase
activity through mutation, overexpression, or aberrant signalling drives many cancers, as
well as inflammatory, metabolic, and neurodegenerative disorders, protein kinases have
become one of the central target families of modern drug discovery [2].

The sustained interest in kinases has translated into a remarkable therapeutic out-
put. Since the approval of imatinib in 2001, more than 90 small-molecule protein kinase
inhibitors have been approved by the FDA, the large majority of them for the treatment of
neoplasms, and every approved kinase inhibitor to date is a small molecule [3]. Although
the therapeutic landscape has broadened to include immunotherapies, antibody–drug
conjugates, and targeted protein degraders such as PROTACs, protein kinases continue
to dominate the development of small-molecule anticancer agents [2]. A recurring chal-
lenge in this field is selectivity: Because the catalytic site is conserved across the kinome,
inhibitors frequently act on multiple kinases. Therefore, understanding the full activity
profile of a compound across many targets is essential for both efficacy and safety [2].

The decades of medicinal-chemistry research devoted to this family have generated an
exceptionally large body of quantitative inhibition data. This accumulation has coincided with
the rapid development of the artificial intelligence field, and machine learning models are
now routinely used to predict kinase inhibition and to prioritize compounds for experimental
evaluation by learning from the data available for a target family [2,4]. The performance of
such models, however, depends critically on the quality and consistency of their training data.
For any given combination of compound, kinase and activity type, the primary literature
typically reports several independent measurements originating from different assays, and
these values are frequently sparse, mutually inconsistent, or reported only as inequalities such
as “greater than 10 µM” [4]. Combining and cross-checking measurements from multiple
records has been shown to improve confidence and to expose likely errors, which makes such
consensus curation directly valuable for downstream modeling. Yet before this data can be
used, it must be retrieved, reconciled, quality-filtered and reshaped into an analysis-ready
form, an effort that is repeated across research groups and rarely shared.

Currently available resources address parts of this problem but leave a gap for kinase-
focused, model-ready activity data. General bioactivity repositories such as ChEMBL [5]
and BindingDB [6] are comprehensive and authoritative, but they expose data at the level of
individual reported measurements and are not specific to kinases. Kinase-specific resources,
in turn, have largely emphasized structure: KLIFS, for example, provides detailed structural
kinase–ligand interaction data derived from crystallographic structures [7], and more recent
efforts such as KLSD organize kinase–ligand activities extracted from ChEMBL for similarity
and selectivity analyses [8]. A broader survey of publicly available kinase-related repositories
and tools, including general-purpose interaction browsers, kinase-substrate and kinase-fusion
resources, and selectivity-profiling servers, is provided in Appendix A: Table A1 summarizes
the scope, linked source databases, and species coverage of each resource, while Table A2
details their data-curation approach together with data-download and source-code availability.
Across this landscape, a gap still remains for a kinase-dedicated database that reconciles
redundant activity measurements into curated consensus values, records an explicit measure
of their reliability, and packages the result for direct reuse in machine learning.

Here, we present Kinoteca, a curated database that fills this gap. Kinoteca compiles
kinase inhibitory-activity data derived largely from ChEMBL and applies a structured curation
pipeline that reconciles redundant measurements into a single consensus value per compound,
kinase and activity type, accompanied by an explicit reliability score and by full provenance
back to the records it was built from. It is deliberately positioned as a data-curation and
data-exploration resource rather than a predictive-modeling product: It does not fit models or
generalize beyond the data it contains but delivers datasets ready to train them. The database
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currently covers 585 kinases, cross-classified along biologically meaningful dimensions, such
as kinome family, pathway and source organism, so that a training set can be assembled
for a single target, for a disease-associated or family group or for the kinases of a given
organism. A web interface lets users filter the resulting chemical library by activity range,
physicochemical properties and measurement quality, and users can export the results in
formats suitable for machine learning workflows. Table 1 contrasts Kinoteca with the resources
discussed above along the axes that matter for model-ready reuse. Kinoteca is freely available
at https://gqc.quimica.unlp.edu.ar/kinoteca/ (accessed on 30 June 2026).

Table 1. Comparison of Kinoteca with the most closely related bioactivity and kinase resources. ✓:
feature present; –: absent or not applicable.

Feature ChEMBL BindingDB KLIFS KLSD Kinoteca

Kinase-dedicated – – ✓ ✓ ✓
Primary data type Activity Activity Structure Activity Activity
Consensus fusion 1 – – – – ✓
Dispersion score 2 – – – – ✓
Dispersion filter 3 – – – – ✓
Pre-fusion provenance 4 n/a n/a n/a – ✓
Parent standardization 5 Partial Partial ✓ ✓ –
Biological groupings 6 – – – – ✓
Model-ready exports Bulk Bulk – ✓ ✓
Saved filters 7 – – – – ✓

1 Reconciliation of redundant measurements into a single value per (compound, target, and activity type). 2 An
explicit per-record measure of how far the underlying measurements disagree. 3 That score exposed as a user-
tunable selection criterion. 4 The individual contributing measurements retained and exportable. 5 Normalization
of salts, charge states and tautomers onto a common parent structure. 6 Cross-classification of targets by kinase
family and source organism. 7 Stored filter definitions that re-execute against current data rather than returning a
frozen snapshot.

2. Results
2.1. Database Content and Organization

Kinoteca currently organizes curated kinase inhibitory-activity data for 585 kinases.
Each kinase is described by its UniProt AC together with its kinome classification, ChEMBL
target identifier, sequence length, and pharmacology summaries. Beyond this fixed set
of fields, kinases are cross-classified into curator-managed grouping dimensions such as
kinome family, biological pathway and source organism so that a user can select targets not
only individually but also by biologically meaningful membership. Because these grouping
dimensions are data-driven rather than hard-coded, new dimensions can be added as richer
upstream annotation becomes available, without any change to the schema. The overall
content of the database at the current release is summarized in Table 2; the core entities and
their relationships are shown in Figure 1, and the role of each entity is listed in Table 3.

Table 2. Summary of the Kinoteca database content at the current release.

Content Count

Kinases 585
Unique compounds 74,651
Curated (fused) activity records 124,288
Raw pre-fusion activity records 152,381
Curated activities of type IC50/Ki/Kd 105,737/9866/8685
Upstream data source ChEMBL release 33
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Figure 1. Simplified schema of the Kinoteca database models and relations between them.

Table 3. Core entities of the Kinoteca data model and their role.

Entity Role

Kinase A protein kinase identified by UniProt AC, with classification, pharmacology summaries and
structural metadata.

KinaseGroup/KinaseGroupType Curator-managed grouping of kinases along independent dimensions (pathway, family,
organism, . . . ).

Compound A chemical structure identified by InChIKey (and, when available, ChEMBL ID), storing
SMILES and an optional 2D depiction.

Properties Physicochemical descriptors of a compound (molecular weight, ALogP, PSA, H-bond donors
and acceptors).

Activity One curated (fused) measurement per (compound, kinase, and activity-type), with value,
relation, MUE and fused-record count.

RawActivity An individual pre-fusion measurement linked to its parent Activity, retaining source and assay
provenance.

DataSource An upstream assay reference (e.g., a ChEMBL assay identifier) attached to raw measurements.

https://doi.org/10.3390/kinasesphosphatases4030022
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2.2. The Kinoteca Filtering Wizard

The principal way in which users interact with the data is a three-stage filtering wizard,
designed to take a researcher from a target-selection question to a curated, analysis-ready
dataset (Figure 1 illustrates the underlying data these stages traverse).

1. Select Kinases. Targets are chosen by name, gene or UniProt search, and/or by cu-
rated group-membership facets (kinome family, pathway, source organism, and other
dimensions).

2. Filter Molecules. The candidate compound set is narrowed by physicochemical prop-
erties (molecular weight, ALogP, polar surface area, and hydrogen-bond donor and
acceptor counts) and by measurement-dispersion quality (the MUE score), with live
histograms showing how each threshold affects the result as it is dragged.

3. Select Datasets. The user chooses which (kinase and activity-type) combinations
to include in the final result, and they are optionally pre-filtered by a minimum
compound count so that sparsely populated combinations can be excluded.

Because filtering on the MUE dispersion score is exposed directly in the wizard, users
can trade dataset size against measurement reliability, retaining only tightly reconciled
activity values when high confidence is required or relaxing the threshold to maximize
coverage. A completed run is persisted as a single result object owned by the user, together
with a snapshot of the exact criteria that produced it (Figure 2).

Figure 2. The Kinoteca filtering wizard, showing the progression from kinase selection through
molecular-property filtering to dataset selection.

2.3. Result Exploration and Visualization

Once a result set has been produced, it can be inspected without leaving the database
interface. Kinoteca reports summary statistics and per-kinase breakdowns, renders activity-
distribution histograms, and groups the compounds structurally by Butina/Tanimoto clus-
tering [9] and by Bemis–Murcko scaffolds [10] (Figure 3). These views let a user assess the
size, potency profile, and chemical diversity of a candidate training set before committing to
it. Structural clustering is computed on demand and is capped at 500 unique compounds to
bound its quadratic cost, whereas scaffold grouping is applied without such a limit.

https://doi.org/10.3390/kinasesphosphatases4030022
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Figure 3. Exploration of a Kinoteca result set, combining summary statistics, activity histograms and
structure-based groupings. Adapted to fit page layout.

2.4. Data Export Formats

The same result set can be exported in four complementary forms, chosen to serve
different downstream needs (Table 4). A curated CSV provides one row per fused activity
value and is the most direct input for model training; a Semi-Raw CSV provides one row
per individual pre-fusion measurement, retaining source and assay provenance for users
who wish to apply their own reconciliation; a structure SDF provides one molblock per
compound, tagged with physicochemical properties and activities, for cheminformatics
tools that operate on molecular structures. Alternatively, a filter definition can be saved as a
named, reusable object that stores only its criteria so that re-running it later re-executes the
pipeline against whatever data exists at that time rather than returning a frozen snapshot;
the results therefore track data updates automatically instead of going stale.

https://doi.org/10.3390/kinasesphosphatases4030022
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Table 4. Export formats offered for a Kinoteca result set.

Format Granularity and Intended Use

Curated CSV One row per fused activity value; the direct, analysis-ready input for predictive-model training.

Semi-Raw CSV One row per individual pre-fusion measurement, with source and assay provenance for custom
reconciliation.

Structure SDF One molblock per compound, tagged with physicochemical properties and activities, for
structure-based tools.

Saved filter A reusable criteria definition (not a snapshot) that re-executes against current data on each run.

2.5. Kinase Detail Pages

Independently of the filtering wizard, each kinase has a detail page that surfaces
its classification, pharmacology summaries and external links (Figure 4). Where struc-
tural metadata is available (PDB and AlphaFold [11]), the page displays a 3D cartoon
representation of the kinase structure.

Figure 4. A Kinoteca kinase detail page, combining curated annotation with a 3D structure.
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2.6. Kinase Activity Comparison

A particular objective in the development of kinase inhibitors is the search for kinase-
specific bioactive molecules that omit off-target effects on other targets, mainly other
kinases. In order to address this situation within Kinoteca, a kinase inhibitors comparison
page was added to Kinoteca.

The comparison page includes a kinase selector similar to the first step of the filtering
wizard, where kinases are selected to be compared. Next, an interactive comparison page
is accessed for the selected kinases (Figure 5). The comparison is performed with an
interactive table, where the activity data (in pAct units) for each compound present on the
selected kinases is displayed, along with the spread of the activity values and the number
of selected kinases for which activity data is available. By default, only compounds tested
on at least two of the selected kinases are displayed, although this value can be configured
from the web interface. Other configurable values include the activity type being compared
and the table size.

Figure 5. Kinoteca kinase activity comparison page, showcasing the use of target/antitarget labeling
to identify selective inhibitors across kinases. A comparison of three different kinases (JAK1, JAK2
and JAK3) is made, setting JAK1 as target and the rest as antitargets. The compounds with reported
activities are displayed, and sorted by greatest activity gap between targets and antitargets. The
activities reported for each kinase are displayed in a table, color coded by potency.

Once the comparison is set up, each of the selected kinases can be given a role of
‘target’ or ‘antitarget’. When targets and antitargets are set, only compounds with reported
activities on the selected targets/antitargets are displayed, and they are ordered by the
biggest activity window between the target and antitargets. This way, compounds which
have the most selective effect on targets against antitargets are easily identified and explored.
A dropdown explorer is available for each compound to explore its structure and compare
activity values across the selected kinases.

Once an analysis is done, filtered data, along with full records for the selected kinases,
are available for download for further exploration.

2.7. Proof of Concept: Predictive Models Trained Directly on Kinoteca Exports

To verify that the exported datasets are usable without further preprocessing and
to test whether the curation adds measurable value beyond convenience, we trained
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baseline classifiers directly on Kinoteca exports for two densely sampled human kinases of
established therapeutic relevance: the epidermal growth factor receptor EGFR (UniProt
P00533, ChEMBL203; tyrosine kinase, EGFR family) and the serine/threonine-protein
kinase B-Raf (UniProt P15056, ChEMBL5145; tyrosine kinase-like, RAF family). Both are
targets of marketed inhibitors, and both accumulate enough redundant IC50 measurements
for reconciliation to be consequential. The exercise is minimal in scope by design: Its
purpose is to establish that a file downloaded from the web interface can be taken to a
trained model without intermediate curation, not to benchmark molecular representations
or to propose a predictive method. The modelling protocol is described in Section 4.6.

Three exports were compared per target, differing only in how the underlying mea-
surements were treated. The semi-raw export supplies every individual IC50 record as
reported upstream, without fusion; the curated export at the full MUE range supplies one
reconciled value per compound; and the curated export restricted to MUE ≤ 0.3 supplies
the same, limited to the consensus values for which their measurements agree within the
recommended operating point. Their composition is compared in Table 5, which quantifies
what fusion removes and what it costs.

Table 5. Composition of the three exports compared per target.

Kinase Export Rows Compounds Repeated 1 Conflicting 2 Minority Rows 3

EGFR
Curated, MUE ≤ 0.3 4025 4025 0 0 0 (0.0%)
Curated, full range 4888 4888 0 0 0 (0.0%)
Semi-raw (unfused) 7577 4888 1345 427 647 (8.5%)

B-Raf
Curated, MUE ≤ 0.3 1653 1653 0 0 0 (0.0%)
Curated, full range 2039 2039 0 0 0 (0.0%)
Semi-raw (unfused) 3048 2039 620 198 215 (7.1%)

1 Compounds contributing more than one record to the export. 2 Compounds for which their own records fall
on both sides of the activity cut-off so that the same molecular structure appears with both labels. 3 Records
carrying the less frequent of the two labels within a conflicting compound; they cannot be classified correctly by
any deterministic model, and their percentage is relative to the number of rows in the export.

Two of the quantities reported there require definition, since they are what makes
the semi-raw and curated datasets qualitatively and not merely quantitatively different.
A compound is conflicting when the activity cut-off, applied independently to each of
its own records, places some of them among the actives and others among the inactives;
because all records of a compound share the same molecular representation, a classifier
then receives several copies of one feature vector bearing opposite targets. Minority rows
are the records carrying the less frequent of the two labels within such a compound. They
are counted at the level of records rather than compounds, so a single conflicting compound
contributes at least one and possibly many minority rows: A molecule reported three times
as active and twice as inactive contributes two. Their number therefore exceeds the number
of conflicting compounds, and it is this count, not the compound count, that bounds
performance, since the majority label is the best any deterministic model can assign, and
every minority row is necessarily misclassified. In EGFR, the 427 conflicting compounds
yield 647 such records, comprising 8.5% of the export, capping attainable accuracy at 0.915;
in B-Raf, the 198 conflicting compounds yield 215 records, comprising 7.1%, for a ceiling
of 0.930. The distribution is markedly uneven in EGFR, where 350 conflicting compounds
contribute a single minority record, but three of them contribute 25, 33, and 45, so the
molecules that most distort the loss function through sheer replication are also the ones
that the model cannot possibly get right. Fusion eliminates both quantities by construction:
each compound appears exactly once, and no contradiction survives.
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The results are reported in Table 6 and admit two distinct readings. First, all eight
curated configurations yield models in the range expected for single-target kinase classifiers
on circular fingerprints, with test AUC-ROC values between 0.89 and 0.90 and MCC values
between 0.59 and 0.66, confirming that the exported data is directly trainable. Second,
and more informatively, models trained on curated exports outperform their semi-raw
counterparts consistently and by a wide margin: The test MCC rises from 0.529 to 0.657
for EGFR and from 0.494 to 0.634 for B-Raf with Random Forest, with equivalent gains for
XGBoost, and the test AUC-ROC improves by 0.045–0.075 across the four comparisons. The
gain cannot be attributed to the dataset size, since the curated sets are the smaller ones, and
it is accompanied by a narrower in-sample-to-held-out gap: the MCC drop from training to
test never exceeds 0.18 for the curated models but reaches 0.23 and 0.24 for the two raw
B-Raf ones, indicating that the additional records mainly provide material to memorize.

Table 6. Performance of baseline classifiers trained directly on Kinoteca exports. ECFP4 (2048 bits,
radius 2); activity labels assigned at the mean pAct of each dataset; 80/20 split stratified by class and
grouped by compound.

Kinase Model Export N 1 F1test MCCtrain MCCtest AUCtrain AUCtest

EGFR (IC50)

RF
Curated, MUE ≤ 0.3 4025 0.824 0.797 0.635 0.966 0.895
Curated, full range 4888 0.836 0.774 0.657 0.960 0.901
Semi-raw (unfused) 7577 0.769 0.700 0.529 0.931 0.856

XGB
Curated, MUE ≤ 0.3 4025 0.830 0.821 0.645 0.970 0.894
Curated, full range 4888 0.823 0.795 0.632 0.963 0.893
Semi-raw (unfused) 7577 0.757 0.693 0.510 0.928 0.836

B-Raf (IC50)

RF
Curated, MUE ≤ 0.3 1653 0.777 0.745 0.592 0.955 0.890
Curated, full range 2039 0.801 0.747 0.634 0.952 0.899
Semi-raw (unfused) 3048 0.732 0.728 0.494 0.942 0.824

XGB
Curated, MUE ≤ 0.3 1653 0.800 0.749 0.634 0.955 0.892
Curated, full range 2039 0.792 0.749 0.608 0.952 0.894
Semi-raw (unfused) 3048 0.743 0.727 0.488 0.939 0.819

1 Number of rows in the export.

Beyond the contradictions already quantified in Table 5, the semi-raw datasets carry a
second, subtler bias. The mean-pAct cut-off shifts by 0.21 log units for EGFR and 0.23 for
B-Raf when computed over records rather than over compounds, since the most replicated
molecules tend to be the potent members of well-studied series. The raw and curated
models are therefore not solving quite the same classification problem, which is what
produces the markedly asymmetric recall and specificity of the raw B-Raf models (0.656
vs. 0.836). Reconciling redundant records into a single consensus value per compound
removes contradictions, replication weighting, and cut-off drift at once.

By contrast, restricting the curated export to MUE ≤ 0.3 produces no systematic
change in performance at this scale. In both targets, Random Forest performs slightly better
on the unrestricted export, while XGBoost performs slightly better on the restricted one,
and no difference in test MCC exceeds 0.04. The direction of the effect therefore tracks the
choice of the algorithm rather than the quality of the data, and its magnitude is comparable
to the variation expected between runs, so the two curated exports are best regarded as
equivalent here.

We read this as a useful negative result rather than a shortcoming. It indicates that
the measurable benefit of curation on these datasets comes from the fusion step, which
eliminates outright contradictions, rather than from discarding values for which their
measurements merely disagree by more than the assay noise. This is precisely the reason
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for publishing the dispersion score as an inspectable, user-controlled attribute instead
of enforcing a threshold at ingestion (Section 4.3): a criterion for which its benefit is not
demonstrable in advance should be left to the user, alongside the evidence needed to judge
it. Whether a stricter dispersion criterion becomes advantageous for targets with sparser or
more heterogeneous data or under validation regimes that stress extrapolation is an open
question that these two case studies cannot settle.

We stress that these are baseline models on two targets, evaluated under a single
split, and they are not intended as a general claim about the performance attainable from
Kinoteca data; a systematic benchmark across the kinome, including alternative molecular
representations, repeated splits and scaffold-based partitioning, is beyond the scope of this
database description.

3. Discussion
Kinoteca addresses a recurring gap between large public bioactivity repositories and

the model-ready datasets that data-driven kinase drug discovery requires. General-purpose
resources such as ChEMBL [5] are comprehensive and authoritative, but they expose data
at the level of individual reported measurements, leaving each research group to repeat the
same reconciliation, quality-filtering, and reshaping steps before the data can be used. Prior
work has shown that both combining and cross-checking sources improves confidence in
compound and bioactivity data, providing curated consensus datasets suitable for machine
learning and chemogenomics [4]. Kinoteca applies this philosophy specifically to the kinase
family: Rather than providing only raw measurements, it also offers a reconciled activity
value for each compound–kinase–activity-type combination, with full traceability back
to the raw records it was built from. No curated activity is withheld on the grounds of
measurement dispersion; the MUE is stored, displayed and exported alongside every fused
value, and the wizard exposes it as a filter spanning the entire range present in the data.
The trade-off between dataset size and measurement reliability is therefore set by the user
according to the demands of their modelling task rather than fixed in advance by the
resource, and our recommended operating point of 0.3 log units is offered as a default that
can be inspected and overridden.

Kinoteca is complementary to, rather than a replacement for, existing kinase and
bioactivity resources, and it occupies a distinct niche among them (Table 1). General
repositories such as ChEMBL [5] and BindingDB [6] maximize coverage across all target
classes but do not reconcile the redundant measurements of a given target–compound pair
into a single curated value. Structure-oriented kinase resources such as KLIFS [7] provide
detailed, expertly annotated kinase–ligand interaction data derived from crystal structures,
but their focus is structural rather than an aggregation of quantitative activity for model
training. The most closely related resource is KLSD, which also derives kinase–ligand
activities from ChEMBL and standardizes them for similarity and selectivity analyses [8];
Kinoteca is distinguished from it by its explicit fusion of redundant measurements into
consensus values with a reported dispersion score, its preservation of full pre-fusion
provenance in a parallel raw table, and its emphasis on directly exportable, analysis-ready
datasets for predictive modelling. To our knowledge, no existing kinase-focused resource
combines measurement reconciliation, an explicit per-record reliability score, and model-
ready export in a single tool.

The most consequential boundary of the present pipeline is that fusion does not
take into consideration experimental conditions. As detailed in Section 4.2, records are
homogenized by the measured quantity, target identity, assay class and compound structure,
but the finer parameters that modulate a reported potency, like ATP concentration relative
to Km,ATP, protein construct and boundaries, activation state, and detection technology, are
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not systematically machine-readable upstream and therefore do not enter the grouping. A
fused value should consequently be read as a consensus across the assay conditions actually
represented in the literature for that pair, rather than as a condition-specific constant, and
comparisons between kinases for which their assay conditions differ systematically deserve
particular caution. The MUE score and the exportable pre-fusion layer are offered as
mitigations, not as a solution: they make the residual heterogeneity visible and recoverable,
but they do not remove it.

That mitigation is itself unavailable for part of the content, since the MUE quantifies
agreement among repeated measurements and is undefined for the curated activities
that derive from a single record. Of the 124,288 curated activity records currently in the
database, 106,444 (85.64%) are supported by a single measurement, 13,596 (10.94%) by
exactly two, and 4248 (3.42%) by three or more independent measurements, so dispersion
is an informative quantity for only 14.36% of the curated content. The evidential support of
every curated activity travels with the data itself: Each activity stores the number of raw
records fused into it, and both this count and the corresponding MUE are carried through
to the exported files, where a single-measurement entry is identifiable by a fused-record
count of one and an empty MUE field. The same annotation is attached as a tag to each
compound block in the SDF export and is displayed in the web interface alongside the
activity value, so a user can separate consensus-supported values from single-source ones
directly in the exported dataset at whatever point of their own workflow that distinction
matters without reconstructing it from the semi-raw layer. The corollary of publishing
dispersion instead of enforcing it is that a user is not restricted by the 0.3 MUE cut-off, a
heuristic anchored on typical assay reproducibility, and the responsibility for that choice is
deliberately placed on the user.

A second group of limitations concerns what the curated layer contains and what it
omits. Excluding relative measurements (>, <, and ∼) removes a non-random portion of
the evidence that is concentrated among weakly active compounds, so the curated datasets
are enriched in potent molecules relative to the full body of reported results; this is why
the proof of concept of Section 2.7 adopts a median-based rather than an absolute activity
cut-off, and any modelling task that depends on a realistic active-to-inactive ratio should
account for it. The content also derives from a single repository, ChEMBL release 33, and
therefore inherits its coverage biases, its annotation errors, and its release cadence; kinases
that have been explored through narrow chemical series are represented by correspondingly
narrow chemical space, which bounds the applicability domain of anything trained on them.
Finally, the structural-clustering view, capped at 500 unique compounds for performance
reasons and complemented by scaffold grouping beyond that limit, is an interface constraint
on exploration only and does not affect the data that is exported.

The central aim of Kinoteca is to bring together, in a single resource, the kinase
inhibitory-activity data that is otherwise dispersed across the literature, accompanied
by enough metadata to make it directly usable. Seen from this perspective most of the
boundaries described above are matters of scope rather than fundamental obstacles, and
they translate into a concrete roadmap. The immediate priority is broadening the evidence
base. The flat data-source abstraction of the data model already accommodates additional
providers, so incorporating repositories such as BindingDB [6] and PubChem is a direct next
step and one for which its benefit compounds: Every additional independent measurement
per compound–kinase pair strengthens the consensus value and reduces the fraction of
records for which no dispersion can be assessed at all [4]. This will be accompanied by
a scheduled migration to successive ChEMBL releases, with versioned snapshots so that
a dataset cited in a publication remains retrievable after the underlying data has moved
on. On the data side, censored measurements will be reintroduced as an explicitly flagged
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optional category so that users building classification models can recover the weakly active
compounds currently excluded without contaminating the quantitative consensus layer,
and parent-structure normalization will be offered as an export-time choice rather than
imposed during curation, with the mapping between reported and normalized entities
made explicit in the exported file.

The user interface was developed along an axis that kinase pharmacology makes
unavoidable, namely selectivity. Because a compound’s value is often defined by the kinases
it does not inhibit, a tool for comparing inhibitor sets between kinases was incorporated
(Section 2.6); it goes beyond set overlap to compare the activity of shared compounds across
targets so that molecules with a desired differential profile can be identified directly. Clearly,
the comparison is done with reported activity values; that is, even in the ‘antitargets’, there
is a measurable activity present. However, we think of this tool as a means to help identify
and compare molecular patterns that enhance the activity towards one or several kinases of
interest. Building on this, we plan to expose derived selectivity summaries at the compound
level and to make those comparisons exportable with the same provenance guarantees as
the single-target datasets. Programmatic access to the curated layer through the existing
REST API is also planned as a documented, stable public endpoint, alongside per-kinase
applicability-domain descriptors intended to help users judge how far a model trained on
a given export can reasonably be extrapolated.

4. Materials and Methods
4.1. Data Sources and Provenance

The bioactivity content of Kinoteca is derived from ChEMBL (release 33) [5], a manu-
ally curated, open repository of bioactive molecules with drug-like properties. From this
source, Kinoteca ingests individual kinase inhibitory-activity measurements, one record
per reported measurement, together with the assay, document, and compound ChEMBL
identifiers required to preserve provenance. Kinase inhibitory-activity data is redistributed
under the Creative Commons license of the upstream source (CC BY-SA 3.0). Kinases
are identified by their UniProt accession number (AC) [12], and compounds are identi-
fied by the standard InChIKey derived from their structure and, where available, their
ChEMBL identifier.

Kinase Reference Set and Classification

Target identification and classification rely on an in-house kinase reference assembled
from public resources rather than on a single upstream annotation, since no individual
source covers simultaneously the taxonomic breadth, the kinome classification, and the
cross-referencing to bioactivity identifiers that Kinoteca requires. The reference is built from
the sources listed in Table 7 and is keyed on the UniProt accession number, which acts as
the primary identifier throughout the database.

Table 7. Public sources composing the in-house kinase reference set.

Source Version/Access Contribution

UniProt/Swiss-Prot [12] Release 2026_02
Accessed February 2026

Primary identifier (AC), reviewed status, sequence
length, kinase-domain annotation, organism,
cross-references

Manning kinome/KinHub [1] Accessed March 2026 Kinome classification: group, family, subfamily

ChEMBL [5] Release 33 Target identifier used to link bioactivity records to
a kinase

PDB [13]/AlphaFold [11] Accessed February 2026 Experimental and predicted structural metadata
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The assembly proceeds in three steps. First, a candidate set of protein kinases is re-
trieved from UniProt/Swiss-Prot [12] (release 2026_02, accessed 20 February 2026), and this
is restricted to reviewed entries carrying protein-kinase domain annotation (Pfam PF00069
and related kinase-domain families) or the corresponding enzyme-class assignment; only
manually reviewed entries are admitted, so unreviewed TrEMBL predictions do not enter
the reference. Second, kinome classification (group, family and subfamily) is assigned
from the Manning kinome nomenclature [1] as propagated by KinHub/KinBase (accessed
18 February 2026), with UniProt accessions used as the join key; entries for which no classi-
fication could be assigned by direct accession match were resolved manually by gene name
and, where this was still ambiguous, left unclassified rather than assigned by similarity.
Non-human kinases, which are not covered by the Manning classification, are annotated
by orthology to their closest classified human counterpart where an unambiguous ortholog
exists, and this provenance is flagged in the record. Third, the reference is cross-linked
to ChEMBL target identifiers (release 33) [5] through the UniProt accession present in the
ChEMBL target-component table, which is what allows an incoming bioactivity record to
be recognized as kinase-directed. Structural metadata (PDB [13] entries and AlphaFold [11]
model identifiers) and sequence length are attached from the same UniProt release.

A target is admitted into Kinoteca only if it satisfies all three conditions: a reviewed
UniProt entry, an assignable kinase-domain annotation, and at least one curated activity
record surviving the pipeline of Section 4.2. Atypical protein kinases lacking the canonical
eukaryotic protein kinase fold are retained and flagged as such, whereas protein-kinase-like
pseudokinases annotated as catalytically inactive or lipid kinases are outside the current
scope. Applying these criteria to ChEMBL release 33 yields the 585 kinases described in
Section 4.2, of which 414 are human.

4.2. Curation

Datasets were cleaned following the methodological principles of López-Ríos de
Castro et al. [14]; we applied a three-stage curation pipeline designed to retain reliable
bioactivity data for well-defined molecular targets, prioritizing biochemical assays that
directly measure ligand–protein interactions. The number of records surviving each step
is reported in Table 8. The first stage consisted of identifying and curating the kinase
targets in ChEMBL 33 and subsequently using this curated kinase set to retrieve the
corresponding bioactivity records. The kinases previously described in the preceding
section were searched against the ChEMBL 33 database. No filters were initially applied
based on assay type, protein preparation, or activity type, resulting in the identification
of 626 kinases. The records associated with these targets were then subjected to an initial
curation step that removed incomplete and non-quantitative entries records. Only IC50, Kd,
and Ki measurements were retained, as these are the most common and reliable metrics for
purified proteins. Records missing any essential field (compound ID, canonical SMILES,
activity units and value, biological entity identifier, relationship operator, or confidence
score) were discarded. SMILES strings were restricted to fewer than 512 characters. The
SMILES length filter serves two purposes: first, it filters out large molecules that would
be out of place in this small-molecule dataset, and second, this is a common limit for the
application of embedding models, which generate molecular representations for training
machine learning models.

The second stage enforced consistency and standardization. Inconsistent ChEMBL
ID-SMILES mappings, SMILES shorter than 8 characters, chemical adducts, and free ions
were removed, and all activity units were converted to nanomolar for storage and display.
Relative measurements (>, <, and ∼) and values outside the experimentally plausible
range of 1 pM–10 mM were excluded. The treatment of chemical structures at this stage
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is deliberately conservative and warrants an explicit statement, since it determines what
a compound record represents. Structures are sanitized, and their SMILES canonicalized
with RDKit, but no parent-structure normalization is applied: salts and counterions are
not stripped from an otherwise valid record, charges are not neutralized, and tautomers
are not enumerated onto a canonical form. Compound identity is therefore established on
the InChIKey of the structure as reported upstream, with the consequence that a distinct
protonation state and an alternative tautomeric depiction are stored as separate compound
records and, when activity is reported against the same kinase, give rise to separate
molecular subsets that are fused independently.

Table 8. Summary of the data curation pipeline.

Stage Records Targets Molecules Molecular Subsets

I 484,951 621 129,302 1302
II 280,477 605 115,148 1247
III 124,288 585 74,651 1143

We adopted this convention because collapsing structures onto a common parent
silently merges measurements that were, in the original report, made on entities that
may differ in solubility, in effective concentration, and occasionally in the species actually
assayed, and it does so on the basis of standardization rules that are themselves version-
dependent and not universally agreed upon. Retaining the reported entity keeps the
exported data in one-to-one correspondence with its source and leaves the decision to the
user, who is generally better placed to judge whether a given pair of related forms should
be treated as one compound for a specific modelling task. The trade-off of this approach is
that related forms of the same molecule appear as distinct, unlinked entries in the current
release, so a user aggregating over chemical series should be aware of it.

The third stage restricted the data to high-confidence kinase–ligand interactions. Only
records with a ChEMBL confidence score of 9 were retained, a value assigned exclusively
to assays measuring activity against a single, defined protein target. Compounds were
then grouped by target and activity type into molecular subsets so that a single target
could yield several subsets when multiple activity types were reported. Within each subset,
duplicate records of the same experimental assay were removed, as were records for which
their pAct values differed exactly by 3 or 6 units, a signature of erroneous unit annotation
(nM vs. µM) rather than genuine biological variability [14].

The reconciliation implemented in Kinoteca is deliberately defined at the level of
the (compound, kinase, and activity-type) triplet, and it is important to be explicit about
what this does and does not control for. Records entering a given molecular subset are
homogeneous with respect to the measured quantity (IC50, Ki or Kd); the target identity
(a single, fully defined protein, with a ChEMBL confidence score of 9); the assay format
(binding/biochemical assays on purified protein, excluding cell-based and phenotypic
readouts); the reported relationship operator (exact “=” values only); and the exact chemi-
cal structure of the compound as reported. They are not, however, stratified by the finer
experimental conditions under which each value was obtained. ATP concentrations rel-
ative to Km,ATP, protein construct and boundaries, phosphorylation and activation state,
detection technology, incubation time, and preincubation protocol are not systematically
and machine-readably annotated in the upstream source, and any attempt to condition the
fusion on them would either discard the large majority of the records or rely on unreliable
text mining of assay descriptions.
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4.3. Scope and Granularity of the Fusion Step: Raw and Fused Activities

Rather than impose an incomplete stratification, Kinoteca treats this residual assay-
level heterogeneity as an empirical quantity and reports it instead of acting on it. Its
observable footprint is the MUE, computed pairwise over the measurements of a molecular
subset (Equation (2)): For a subset with m ≥ 2 records, all n = m(m − 1)/2 unordered pairs
are formed and their absolute pAct differences are averaged, with the

√
2 factor rescaling

a pairwise difference to the scale of an individual measurement, since the difference of
two independent determinations, each carrying an error σ, has a dispersion of σ

√
2 [4,15].

Subsets obtained under effectively comparable conditions therefore converge to a low MUE,
whereas those aggregating incompatible assay setups exceed the ∼0.3 log-unit uncertainty
typical of individual bioactivity measurements.

pAct = − log10(Act [M]) (1)

MUE =
1

n
√

2

n

∑
i=1

∣∣∣pActi,1 − pActi,2

∣∣∣ (2)

No record is removed from the database on the basis of its dispersion. Every molecular
subset supported by more than one measurement is fused and materialized as a curated
activity with its MUE and its record count stored alongside so that a fused value is presented
not as a condition-independent constant but as a consensus estimate carrying its own
reliability annotation, while the full pre-fusion provenance, including the upstream assay
identifier of every contributing measurement, is preserved in the semi-raw export for users
who need to reconstruct condition-matched subsets. Dispersion is instead exposed as a
user-controlled criterion in the filtering wizard, where the MUE slider spans the full range
present in the database from 0 to 3.02 units: At its maximum it returns the complete curated
content, and any lower value trades coverage for internal consistency. We recommend 0.3
as an operating point for the same reason that motivates the metric itself, but as a default
rather than as a curation decision imposed on the data.

The logarithmic transformation applied throughout the pipeline is the conventional
molar-based definition (Equation (1)) computed on the activity expressed in mol L−1.
Values on this scale are therefore identical in meaning and directly comparable to the
pIC50, pKi and pKd values reported in ChEMBL and in the medicinal-chemistry literature,
and they require no offset correction before being combined with external datasets. For
readability, activity values themselves are stored and displayed in nanomolar throughout
the web interface and in every exported file.

4.4. Data Model and Database Schema

The data model of the database is organized around seven core entities (Figure 1). A
Kinase is identified by its UniProt AC and carries kinome classification (group, family and
subfamily), an optional ChEMBL target identifier, sequence length, and free-form metadata
for structural (PDB/AlphaFold) and external-link information. Kinases are additionally or-
ganized into KinaseGroups along independent, curator-managed dimensions (for example
pathway, kinase family, associated disease, and source organism) through a many-to-many
relationship so that a kinase may belong to several groups within a dimension and to
groups across multiple dimensions simultaneously.

A Compound is identified by its InChIKey and, when available, a ChEMBL identifier,
and stores its SMILES string for image generation and molecule depiction. Each compound
has an associated Properties record holding the physicochemical descriptors used by the
molecular-filter stage: molecular weight, ALogP, polar surface area, and hydrogen-bond
donor and acceptor counts. An Activity is the curated result of the fusion pipeline, with
one row per compound, kinase and activity-type combination, carrying the unique activity
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value, its unit, the MUE value for its origin data, and the number of raw records fused into
it. A RawActivity is a single origin activity measurement from which fused activities are
obtained. Each RawActivity is related to exactly one Activity and one Compound, and
it carries its own value, units and relation plus provenance. Finally, each RawActivity
record is related to a DataSource, which contains information of the data origin to keep
data traceability.

4.5. Software Architecture

Kinoteca is architected as a data-exploration and access platform, explicitly decoupled
from predictive-modeling tasks. From an informatics standpoint, the system is largely
based on backend computing to perform data filtering and formatting for download, along
with client-side data interaction for a fluid and interactive modification of filtering rules.

4.5.1. Backend Core and Cheminformatics Stack

The backend architecture is built on the Django web framework, leveraging class-based
views and the native Django template engine as its structural base. Relational data is defined
through the previously described Django Models and implemented using a PostgreSQL
database. To handle specialized chemical domain requirements, the backend employs
the RDKit library, including the RDKit Cartridge for PostgreSQL integration. RDKit is
responsible for the processing and storage of chemical structures, managing SMILES strings,
performing molecular clustering, and creating 2D molecular depictions. The Matplotlib
v3.11.1 library was used to perform server-side graph creation to be served to users.

As explained below, a small internal API was developed to access simplified data from
within the webpage, although no public, programmatic access API is yet available.

4.5.2. Hybrid Frontend and React Islands

The frontend is constructed partially using Django’s template system to create
static webpages and access points, and React is used to produce particular sections in
webpages where fluid user interaction is required. These pages request information
from the backend and send them to the user, and the React implementation allows the
user to examine and modify the data. To access backend data, an internal API was built
using the Django REST Framework. Different pages make calls to the internal API to get
simplified information to construct and display the webpages. As an example, molecular
filtering by physicochemical properties is performed by a React island, where data is
obtained from the backend via the internal API and displayed, and the amount of filtered
compounds is dynamically updated.

Development of the frontend was additionally supported by AI-assisted coding tools
(Claude Code with Opus 4.8, powered by Anthropic) for code review and syntax refinement.

4.5.3. Data Filter and Export

The application filters and narrows compound datasets through a sequential three-
stage wizard (Kinases → Molecule Properties/MUE → Datasets). To protect the database
from pollution or orphaned records caused by incomplete operations, the transient wizard
state is retained entirely within the user’s session storage. Upon the final step, the pipeline
applies the criteria to compile a unified MolFilterSet database entity, which stores a JSON
snapshot of the filtering criteria and filtered curated activities.

The relationship between the two activity layers is many-to-one and total in both
directions: Each RawActivity is an individual upstream measurement linked to exactly
one Activity, the fused record for its (compound, kinase, and activity type) combination,
and every Activity derives from at least one RawActivity and stores the count and
dispersion. Since the MUE is published as an attribute rather than applied as a curation
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cut-off (Section 4.3), a strongly disagreeing molecular subset is fused and materialized like
any other, simply carrying a high MUE: There is no category of rejected groups for which
their raw data would become inaccessible. Filtering by MUE restricts the exported files of
a given query, not the database, so the measurements underlying excluded activities are
recovered by relaxing the selection and exporting again. Only the records removed during
curation itself (Section 4.2) are absent from every export, as they are never ingested and
remain accessible from the upstream source through its own identifiers.

Data retrieval is implemented via a decoupled export module that builds the re-
quired output and returns it as requested. The two tabular exports share the compound
and target keys, namely compound_inchi_key, compound_chembl_id, kinase_uniprot_id,
kinase_name and activity_type, which together constitute the fusion key, so the curated
and semi-raw files of the same result set join on those columns without any additional
identifier. The available data can be exported as

• Curated CSV: One row per fused Activity, carrying compound_smiles; the relation,
value and units of the consensus estimate; and the two fields that qualify it,
record_count and mue, with the latter left empty when a single measurement makes
it undefined. This is the direct, analysis-ready input for model training.

• Semi-Raw CSV: One row per individual RawActivity of the same result set, preserving
its relation, value and units as reported upstream, together with the source release,
the record external_id, the literature reference, and the data_source_provider
and data_source_identifier that identify the originating assay. The fusion per-
formed by Kinoteca can therefore be reproduced, audited or replaced by a different
reconciliation criterion without leaving the exported files; users requiring assay-
condition-matched subsets should start here.

• Molecular Structure SDF: One molblock per unique compound, generated by RDKit,
tagged with its identifiers (chembl_id, inchi_key) and precalculated descriptors (mw,
logp, hba, hbd, and psa), plus a multi-line curated_activities tag listing every
curated value of the compound within the result set, each annotated with its target,
activity type, units, fused-record count and MUE.

4.6. Baseline Modelling Protocol

Regarding ML model training, the classifiers reported in Section 2.7 follow a de-
liberately conventional protocol, since the object of study is the dataset rather than the
model. Molecules are described by ECFP4 circular fingerprints (Morgan, radius 2, 2048 bits)
computed with RDKit directly from the SMILES field of the exported file; no additional
descriptor, embedding or feature selection is applied. Activity labels are assigned by thresh-
olding pAct at the mean of the dataset being trained on, which yields near-balanced classes
without importing an absolute potency criterion from outside the data.

Two tree-ensemble classifiers were evaluated, Random Forest and XGBoost, both
with class weighting proportional to the inverse class frequency. Hyperparameters were
tuned by randomized search over 30 sampled configurations with 5-fold cross-validation
on the training partition, selected by cross-validated AUC-ROC; the search spaces cov-
ered ensemble size, tree depth, leaf and split minima and feature subsampling for the
Random Forest; and ensemble size, depth, learning rate, row and column subsampling,
minimum child weight, and L1/L2 regularization for XGBoost. Fingerprints are used
unscaled, as both algorithms are invariant to monotone feature transformations. All
randomness is seeded.

Partitioning deserves particular emphasis, because it is what makes the curated vs.raw
comparison meaningful. The 80/20 split and every cross-validation fold within it are strati-
fied by class and grouped by compound identifier so that all records of a given molecule fall
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entirely within one partition. Since the raw export contains multiple records per molecule,
an ungrouped split would place replicates of the same compound in both training and
test sets, and the raw dataset would be scored partly on molecules it had already seen; its
apparent performance would then reflect memorization rather than generalization, and
the comparison would be void. The same grouped protocol is applied to the curated
exports, where it is inconsequential because each compound contributes a single row so
that all conditions are evaluated identically. Metrics are reported on the held-out partition,
and their in-sample counterparts are reported alongside so that the degree of overfitting
is visible.

5. Conclusions
Kinoteca is a curated database that turns heterogeneous, largely ChEMBL-derived

kinase inhibitory-activity data into reconciled, provenance-preserving, analysis-ready
datasets. By fusing multiple raw measurements into consensus activity values with an
explicit dispersion score, organizing 585 kinases along biologically meaningful grouping
dimensions, and providing a web interface with an interactive filtering wizard, structure-
aware visualizations, and multiple export formats, it lets researchers move efficiently from
a target-selection question to a dataset suitable for training predictive models of kinase inhi-
bition. As a data-curation and data-exploration resource rather than a predictive-modeling
product, Kinoteca is intended to complement, not replace, the primary repositories from
which its data is drawn and to lower the barrier to reproducible, data-driven kinase
drug discovery.
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Abbreviations
The following abbreviations are used in this manuscript:

ALogP Calculated octanol–water partition coefficient (lipophilicity)
API Application programming interface
CSV Comma-separated values
IC50 Half-maximal inhibitory concentration
InChIKey Hashed International Chemical Identifier
Kd Dissociation constant
Ki Inhibition constant
Km,ATP Michaelis constant of the kinase for ATP
MUE Mean unsigned error
PSA Polar surface area
SDF Structure-data file
SMILES Simplified Molecular-Input Line-Entry System
MCC Matthews correlation coefficient
AUC-ROC Area under the receiver operating characteristic curve
F1 Harmonic mean of precision and recall
ECFP4 Extended-connectivity fingerprint, diameter 4
pAct Negative base-10 logarithm of the molar activity value
RF Random forest
XGB Extreme Gradient Boosting
PDB Protein Data Bank
UniProt AC UNIPROT accession code

Appendix A

Table A1. Overview of publicly available kinase-related repositories and tools considered in this
work. Source: Extracted from the respective publications.

Resource Description Species
Covered Reference

KLIFS
(Kinase–Ligand
Interaction
Fingerprints and
Structures)

Structural database centered on how kinase
inhibitors interact with their targets, supporting
structure-based kinase research through
systematic collection, annotation and processing of
kinase structures. Updated automatically and
weekly from the PDB, with expanded coverage of
atypical kinases and clinical resources (e.g.,
PKIDB), and programmatic access via a RESTful
API and KNIME nodes.

H. sapiens,
M. musculus

[7]
https://klifs.net (accessed on 30 June
2026)

Kinase Profiling
Inhibitor
Database

Searchable resource on the specificity of 367
commonly used signal-transduction inhibitors,
provided by the International Centre for Kinase
Profiling, MRC Protein Phosphorylation Unit,
University of Dundee.

H. sapiens

[16]
https://www.kinase-screen.mrc.ac.uk/
kinase-inhibitors (accessed on 30 June
2026)

KinaseFusionDB

Database specialized in kinase fusion genes and
their relation to cancer (e.g., BCR-ABL1 in
leukemia), not a general kinase repository. Provides
functional annotation of 7680 kinase fusion genes,
1399 predicted fusion-protein structures, pLDDT-
based confidence scores, active-site prediction,
Ramachandran diagrams and virtual-screening data
using FDA-approved kinase inhibitors.

H. sapiens

[17]
https:
//compbio.uth.edu/KinaseFusionDB/
(accessed on 30 June 2026)
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Table A1. Cont.

Resource Description Species
Covered Reference

KinMap

Interactive web tool for visualizing and navigating
the phylogenetic tree of each human kinase. Not a
database itself but a viewer that integrates and
overlays data from multiple external sources
without generating its own data.

H. sapiens
[18]
http://www.kinhub.org/kinmap/
(accessed on 30 June 2026)

KinaseNET

Human Protein Kinase Knowledgebase covering
more than 530 human protein kinases, including
structure, regulation, substrates, tissue
distribution, evolutionary conservation,
compound sensitivity and links to human disease;
also serves as a portal to other
kinase-related resources.

H. sapiens
[19]
http://www.kinasenet.ca/ (accessed on
30 June 2026)

KEA3 (Kinase
Enrichment
Analysis 3)

Enrichment tool that infers which kinase(s) most
likely phosphorylated a user-supplied list of
proteins, using a database of kinase-substrate
interactions (KSI) and other interaction types (PPI,
co-expression).

H. sapiens,
M. musculus

[20]
https://maayanlab.cloud/kea3/
(accessed on 30 June 2026)

DrugKiNET

Resource to support the identification and
characterization of protein kinase inhibitors for
academia and industry. Covers more than
800 experimentally evaluated compounds that
inhibit human protein kinases.

H. sapiens
[21]
http://www.drugkinet.ca/ (accessed
on 30 June 2026)

Dark Kinase
Knowledgebase
(IDG)

Resource associated with the Illuminating the
Druggable Genome (IDG) Kinase project, focused
on the approximately 160 human kinases whose
biological function remains poorly characterized
(initial focus on PKMYT1, TLK2, BRSK2, CDK12
and CDK13).

H. sapiens
[22]
https://darkkinome.org/ (accessed on
30 June 2026)

DeepKinomeWeb

Panel-level quantitative platform for
kinase-inhibitor screening and selectivity profiling,
built on the DeepKinome deep-learning regression
model. Predicts kinase-inhibitor binding affinities
and provides panel-level selectivity landscapes,
selectivity metrics, and integrated structural and
physicochemical analysis.

H. sapiens
[23]
https://str.kribb.re.kr/deepkinome
(accessed on 30 June 2026)

ProfKin

Structure-based kinase-selectivity profiling web
server built on KinLigDB, a
kinase–ligand-centered database. Provides
ready-to-use 3D coordinates for 4219
ligand–kinase complex structures covering 297
human kinases and predicts and ranks binding
modes for a query molecule via
interaction-fingerprint analysis.

H. sapiens
[24]
https://www.lilab-ecust.cn/profkin/
(accessed on 30 June 2026)

KiNet

Web portal integrating kinase–substrate
interaction data from multiple
post-translational-modification databases,
enabling interactive, system-level exploration of
these interactions across pathways, domain
families and custom protein sets.

H. sapiens
[25]
https://kinet.kinametrix.com/
(accessed on 30 June 2026)

PhosphoSitePlus

Knowledgebase dedicated to mammalian
post-translational modifications (PTMs),
containing over 330,000 non-redundant PTMs,
including phospho, acetyl, ubiquityl and methyl
groups. Over 95% of the sites come from mass
spectrometry (MS) experiments.

Mammalian,
mainly
H. sapiens
and
M. musculus

[26]
https://www.phosphosite.org/
(accessed on 30 June 2026)
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Table A2. Data curation approach, data availability and source-code access for the repositories in
Table A1. Source: Extracted from the respective publications.

Resource Data Curation Approach Data Download Source Code

KLIFS

ChEMBL bioactivities for ligands present in
KLIFS kinase structures are filtered to Kd, Ki,
EC50 and IC50 records with a defined
pChEMBL value, a confidence score ≥ 8, and
an exact “=” standard relation, restricted to
UniProt targets present in KLIFS or explicitly
classified as “Kinase” in ChEMBL. Structures
are split into individual chains for consistent
structural alignment; a reference sequence is
built through iterative manual refinement, with
weekly automated addition of new PDB
structures. Nomenclature and external links are
curated via UniProt, HGNC, IUPHAR
and MGD.

Yes

https://github.com/3D-
e-Chem/knime-klifs
(accessed on 30 June
2026)

Kinase Profiling
Inhibitor
Database

Not reported. Yes Not reported

KinaseFusionDB

Integrates data from FusionGDB2, CCLE and
COSMIC; filters fusion genes via breakpoint
validation (>100 (kb for intrachromosomal
fusions), ORF analysis and selection of in-frame
fusions across isoforms. Predicts and
quality-checks 3D structures (pLDDT,
Ramachandran plots, comparison with PDB
structures) and virtual screening pipelines.
Integrates PubMed, MyCancerGenome,
ClinicalTrials.gov, MeSH and DisGeNET for
inhibitor, disease and clinical-trial annotation.

Yes Not reported

KinMap

Structural, biochemical and functional data
extracted from external resources: PDB (kinase
structure counts), ChEMBL (assay and
compound counts), and CTTV (kinase–disease
associations, excluding low-confidence
scores < 0.1 and retaining only associations
supported by genetic, somatic-mutation, drug,
pathway or RNA-expression evidence). A
name-resolution function reconciles
nomenclature from UniProt, Manning and
HGNC and returns a ranked list for
incomplete names.

Yes Not reported

KinaseNET

Data compiled from ChEMBL, COSMIC, NCBI
GEO, OMIM, PhosphoSitePlus, PubChem,
STRING and UniProt, plus hundreds of original
publications, complemented by Kinexus’s own
TranscriptoNET, PhosphoNET and
DrugKiNET databases.

Restricted—online browsing
of individual records only; no
public bulk-download or
filtered-table export. Full
datasets require a commercial
license (Kinexus Corp.)

Not reported

KEA3

KSI, PPI and co-expression data collected from
public databases; gene names standardized to
HGNC via geneSetR; interactions filtered to the
520 reference human kinases. Substrate
libraries built per kinase and data source;
11 libraries retained (from candidate sets
including DrugL1000updn, PTMsigDB.drug
and KinCREEDSupdn) and combined using
MeanRank, an ensemble
rank-aggregation method.

Yes

https://github.com/
MaayanLab/KEA3web
(accessed on 30 June
2026)
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Table A2. Cont.

Resource Data Curation Approach Data Download Source Code

DrugKiNET

Lowest reported compound IC50, Ki and Kd
values retrieved from several sources, including
PubChem, the Kinase SARfari database
(EMBL-EBI), the International Centre for Kinase
Profiling (University of Dundee), Ambit
Biosciences and hundreds of original research
publications; some IC50 estimates derived from
limited measurements at only one to three
compound concentrations. Over 105,000
experimentally tested, non-redundant
kinase–compound pairs used to train
two kinase-inhibitor prediction algorithms,
further predicting approximately 200,000
additional kinase–compound interactions.

Yes Not reported

Dark Kinase
Knowledgebase
(IDG)

Integrates experimental data from the Kinase
DRGC with public resources. GTEx (median
tissue TPM) and Human Proteome Map
(relative abundance) data used to derive
relative tissue expression of dark kinases,
aligned with gganatogram tissue categories.
Also incorporates TCGA mutation, mRNA and
copy-number data alongside PDB structures.
For inhibitor characterization, kinome-wide
screening data were incorporated, and
compound selectivity was evaluated through
kinase profiling assays, complemented by
NanoBRET assays for selected compounds.

Yes—downloadable CSV
collections
(dark-kinase-associated
compounds, NanoBRET
reagents, PRM peptides,
protein interaction/
proximity data)

https:
//github.com/IDG-
Kinase/darkkinasekb
(accessed on 30 June
2026)

DeepKinomeWeb

Trained on high-throughput KINOMEscan data
from the LINCS consortium (kinases lacking
LINCS inhibition data excluded); restricted to
the 229 kinases with an available PDB structure.
Extracted 8551 sequence/structure/
binding-site descriptors per kinase and
2757 PaDEL descriptors per compound.
User-submitted and reference validation
datasets also curated.

Partial

https://github.com/
labnams/DeepKinome
(accessed on 30 June
2026)

ProfKin

PDB search (keyword “Kinase”, restricted to
Homo sapiens) yielding 6492 entries;
protein–ligand coordinates separated with an
in-house program, followed by manual
inspection. Associated information compiled
(gene/kinase/alternative names, kinase group
and family, mutations, downstream molecules,
associated diseases from PDB, UniProt, KEGG,
TTD) together with binding-site, ligand-type,
key-residue and binding data. Final selection of
4219 complex structures for KinLigDB; a
configuration file (.conf) and an interaction
fingerprint (.ifp) generated per complex.

Yes Not reported
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Table A2. Cont.

Resource Data Curation Approach Data Download Source Code

KiNet

Automated collection from PhosphoSitePlus
(v6.7.1.1), iPTMNet (v5.0) and EPSD (v1.0);
gene/protein names validated against UniProt
and HGNC. Evolutionary and hierarchical
kinase metadata integrated from KinHub,
CORAL and the Dark Kinase Knowledgebase.
Data structured as 16,360 unique
kinase–substrate–site triples, representing 8365
unique kinase–substrate pairs; the resulting
dataset was validated via
functional-enrichment analysis (Enrichr,
GSEApy) and network-topology assessment,
confirming a heavy-tailed, non-random degree
distribution dominated by a small set of highly
connected kinases.

Yes

https://github.com/
GauravPandeyLab/
KiNet (accessed on 30
June 2026)

PhosphoSitePlus

The total number of modification sites in PSP
has increased from 128,943 to 338,948 over the
past 3 years. These include 274,396
modification sites on 20,021 human proteins,
139,066 sites on 15,389 mouse proteins, and
42,465 sites on 7204 rat proteins.
The current Kinase Substrate dataset contains
12,180 high-quality manually curated KSIs,
10,194 of which have been demonstrated using
human kinases. It is notable that 9% of the
kinases and 8% of the substrate proteins have
been corroborated using kinases and/or
substrates from multiple species.

Not publicly available—access
requires a formal request Not reported
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