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Table 1: Summary of the reviewed machine learning studies for macrocycle permeability prediction.
The table provides a comparative overview of datasets, input features, modeling approaches, and
reported performance.

Study Year Dataset Input Model Primary Performance Availability

(Authors) & Size Representation Architecture Task(s) Metrics

Over et al.? 2016 214 non-
peptidic macro-
cycles (Broad
DOS)

2D/3D descrip-
tors, experimen-
tal logD

PLS, SVM, Ran-
dom Forest (RF)

Regression
(Caco-2 log
Papp)

PLS r2: 0.83 (ex-
ternal), 0.93 (with
logD)

Data only

Digiesi et al.? 2021 62 cyclic
hexapeptides

2D (ALogP,
TPSA), 3D
(VolSurf),
MSM/MD

QSPR (PLS),
Physics-based
(∆GI), MSM

Regression
(Caco-2,
PAMPA log
Papp)

PAMPA R2: 0.72
(mixed model);
Caco-2 R2: 0.83
(3D-QSPR)

Not avail-
able

Cao et al.
[Multi CycGT]?

2024 6941 cyclic
peptides (Cy-
cPeptMPDB)

1D SMILES, 2D
Graph, Physico-
chemical props.

Multimodal:
GCN + Trans-
former + MLP

Binary Classi-
fication

ACC: 0.8206;
AUC: 0.8650; F1:
0.8708

Not avail-
able

Li et al. [Cy-

cPeptMP]?
2024 6889 peptides

(CycPeptM-
PDB)

Atom-,
Monomer-,
Peptide-level
features

Hybrid Fusion:
Transformer +
CNN + MLP

Regression MAE: 0.355; R2:
0.772; R: 0.883

Available

Yu et al. [Mu-

CoCP]?
2024 7451 peptides

(CycPeptM-
PDB)

Molecular
Graph, HELM
sequence

Multimodal Con-
trastive: Trans-
former + GNN

Classification
& Regression

ACC: 0.87; R2:
0.503; MSE: 0.714

Not avail-
able

Wang et al.
[CyclePer-

mea]?

2024 CycPeptMPDB 1D SMILES,
Morgan Finger-
prints

Pre-trained
BERT; Multi-loss
Fusion

Regression MSE: 0.217 (ID),
0.411 (OD); PCC:
0.801 (ID), 0.518
(OD)

Not avail-
able

Geylan et al.? 2024 6876 cyclic
peptides (Cy-
cPeptMPDB)

2048-bit Mor-
gan Finger-
prints

SVM, RF, Light-
GBM, XGBoost

Uncertainty-
aware Classifi-
cation

Validity: >0.80
(recalibrated); Ef-
ficiency: variable
by domain

Available

Jiang et al.
[CPMP]?

2025 6701 PAMPA,
1310 Caco-2
(CycPeptM-
PDB)

SMILES, 3D
Inter-atomic
distances

Molecular Atten-
tion Transformer
(MAT)

Regression R2: 0.67
(PAMPA), 0.75
(Caco-2); MAE:
0.308

Available

Cabezón et al.
[CYCLOPS]?

2025 CycPeptMPDB:
7236 (AllPep)
and 4114 (L6/7)

Sequential (SP)
& Peptide (PP)
properties

Hybrid: LSTM +
MLP; CyclicConv
layers

Classification
& Regression

ACC: 0.824;
MAE: 0.477; F1:
0.87; MCC: 0.59

Available

Wang et al.
[MultiCycPer-

mea]?

2025 CycPeptMPDB
(ID, OD, Cliff
splits)

2D Images, 1D
SMILES

Swin Transformer
+ BERT; Triple
Loss

Regression MSE: 0.16 (ID),
0.44 (OD), 0.18
(Cliff); PCC: 0.85
(ID)

Available

Feller & Wilke
[Peptide-

CLM]?

2025 10M Synthetic,
SmProt, Cy-
cPeptMPDB

SMILES tokens BERT-style (Ro-
Former) with
RoPE

Classification
& Regression

ROC-AUC: 0.820;
PR-AUC: 0.948

Not avail-
able
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