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Table S2: Classification performance of scoring functions on seven datasets. The Columns correspond to
the Area Under the Receiver Operating Characteristic curve (AUC ROC), Average Precision (AP), Balanced
Accuracy (BA), and F1 scores, respectively. Bold values indicate the best value for each column.

Dataset Method AUC ROC AP BA F1 Precision Recall

CAPRI
Score v2022

(Difficult complexes)

PIsToN 64.77 3.02 63.05 66.16 3.47 70.49
dMaSIF 71.84 2.09 44.55 20.09 1.15 11.48

DeepRank-GNN 69.54 2.56 50.67 20.72 26.47 1.44
GNN-DOVE 55.13 2.62 53.12 17.73 6.73 19.09
FireDock 59.47 2.70 58.49 15.43 2.81 77.83
AP-PISA 58.08 2.48 54.57 15.50 2.99 34.50
CP-PIE 59.91 1.94 41.21 13.11 1.61 45.93
PyDock 62.68 2.70 57.75 16.02 3.21 48.96
ZRANK2 63.83 2.75 57.40 16.72 3.71 35.89

RosettaDock 55.33 2.31 52.13 40.59 2.39 55.18
SIPPER 56.72 2.28 51.57 14.47 2.29 93.62

HADDOCK 53.05 2.44 54.40 25.01 2.63 54.70

CAPRI
Score v2022

(Easy complexes)

PIsToN 80.15 46.24 73.08 60.51 55.89 65.95
dMaSIF 76.65 24.14 31.50 16.38 12.72 23.00

DeepRank-GNN 74.75 27.67 50.15 8.14 56.79 4.10
GNN-DOVE 58.30 30.35 53.62 18.07 53.23 10.88
FireDock 75.06 40.31 69.50 55.64 45.15 72.48
AP-PISA 79.41 45.89 73.51 60.78 53.82 69.80
CP-PIE 78.14 27.53 49.45 1.38 2.25 0.71
PyDock 75.17 40.56 69.94 56.12 45.03 74.44
ZRANK2 72.32 40.99 70.15 56.38 46.04 72.71

RosettaDock 70.13 40.74 68.40 54.31 49.46 60.21
SIPPER 61.80 26.11 44.81 17.96 19.08 16.96

HADDOCK 66.59 34.82 63.73 50.33 36.55 80.80

CAPRI
Score

Refined

PIsToN 81.25 24.86 73.24 42.21 30.37 69.16
dMaSIF 78.53 12.33 49.14 21.89 12.33 97.69

DeepRank-GNN 76.01 12.53 50.07 22.23 12.53 99.81
GNN-DOVE 70.99 10.35 34.90 14.06 8.18 49.88
FireDock 72.79 19.00 67.50 33.01 21.17 74.89
AP-PISA 84.87 30.18 75.36 49.29 39.80 67.72
CP-PIE 81.29 12.31 49.05 21.84 12.31 97.16
PyDock 75.28 25.03 70.49 42.98 34.93 55.86
ZRANK2 74.09 25.68 69.57 43.76 38.46 50.75

RosettaDock 63.95 18.94 64.75 33.64 24.88 51.90
SIPPER 53.03 13.89 55.25 23.62 14.97 55.95

HADDOCK 70.34 21.59 66.06 37.91 32.29 45.88

BM4

PIsToN 67.45 36.46 62.71 43.67 53.75 36.77
dMaSIF 62.50 26.27 49.64 41.44 26.27 98.16

DeepRank-GNN 59.59 26.41 50.00 41.58 26.41 97.76
GNN-DOVE 61.58 25.11 46.47 38.04 24.82 81.37
FireDock 57.82 28.59 54.28 30.18 34.53 26.81
AP-PISA 59.21 25.36 47.19 39.40 25.25 89.74
CP-PIE 59.19 24.23 43.37 31.40 22.30 53.01
PyDock 58.31 30.16 57.71 41.65 33.10 56.15
ZRANK2 55.85 24.97 45.97 35.24 24.20 64.82

RosettaDock 57.37 24.71 44.64 26.55 21.51 34.68
SIPPER 59.87 24.50 42.28 18.21 16.80 19.88

HADDOCK 56.10 26.46 50.13 41.76 26.46 99.05

Continued on next page
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Table S3 – continued

Dataset Method AUC ROC AP BA F1 Precision Recall

BM5

PIsToN 91.84 23.64 74.90 45.14 38.16 55.24
dMaSIF 87.89 4.39 27.24 5.86 3.11 51.05

DeepRank-GNN 95.97 5.72 49.66 0.0 0.0 0.0
GNN-DOVE 60.76 9.00 53.69 13.57 47.22 7.93
FireDock 95.41 43.12 85.00 63.96 56.65 74.43
AP-PISA 91.62 33.45 72.24 54.20 66.11 45.92
CP-PIE 97.16 5.72 49.37 0.0 0.0 0.0
PyDock 88.98 19.61 67.05 39.90 43.21 37.06
ZRANK2 90.37 29.20 71.00 50.40 59.31 43.82

RosettaDock 72.26 40.56 77.17 61.38 67.99 55.94
SIPPER 87.70 4.86 18.09 2.67 1.43 20.05

HADDOCK 90.85 29.91 78.87 51.94 44.44 62.47

Dockground

PIsToN 68.42 10.71 60.40 22.13 15.62 37.92
dMaSIF 79.94 6.33 26.10 5.71 3.15 31.46

DeepRank-GNN 59.76 7.75 50.21 3.93 9.16 25.00
GNN-DOVE 83.87 6.24 23.61 5.53 3.03 31.46
FireDock 56.08 8.50 54.82 15.69 8.82 70.83
AP-PISA 79.19 18.14 64.77 36.08 38.23 34.17
CP-PIE 72.26 6.50 38.67 10.65 5.81 63.75
PyDock 77.17 13.71 64.10 28.99 23.01 39.17
ZRANK2 64.18 10.78 58.76 22.35 18.93 27.29

RosettaDock 61.62 9.41 57.17 18.50 12.80 33.33
SIPPER 79.60 7.75 50.28 14.39 7.75 99.17

HADDOCK 53.15 7.70 49.87 9.37 7.57 12.29

PDB
2023

PIsToN 93.86 45.85 78.21 66.05 78.89 56.80
dMaSIF 91.83 1.85 23.46 2.11 1.08 42.40

DeepRank-GNN 62.65 2.43 50.36 3.69 2.76 56.00
GNN-DOVE 53.23 2.55 52.59 5.16 2.76 40.00
FireDock 87.98 16.68 67.39 38.79 42.06 36.00
AP-PISA 89.19 21.68 68.02 44.02 54.76 36.80
CP-PIE 88.81 2.39 46.71 0.40 0.27 8.00
PyDock 87.64 10.48 59.30 26.82 44.44 19.20
ZRANK2 73.22 23.31 66.19 43.85 66.13 32.80

RosettaDock 65.04 20.67 66.48 42.21 56.76 33.60
SIPPER 76.25 2.39 49.52 4.65 2.39 93.60

HADDOCK 84.36 26.09 67.79 47.12 68.18 36.00

MaSIF
test

PIsToN 93.55 81.08 85.43 85.97 87.72 82.40
dMaSIF 89.90 45.55 19.60 13.52 14.63 12.57

DeepRank-GNN 69.24 47.92 45.64 62.05 47.66 88.90
GNN-DOVE 55.71 50.85 51.63 38.76 52.81 30.62
FireDock 77.82 48.33 46.52 62.79 48.15 90.24
AP-PISA 76.43 49.13 48.22 64.32 49.07 93.34
CP-PIE 76.98 63.55 70.56 74.29 65.94 85.06
PyDock 74.73 48.53 46.97 63.40 48.40 91.86
ZRANK2 74.66 49.06 48.08 64.11 48.98 92.75

RosettaDock 71.17 49.13 48.22 63.99 49.05 92.01
SIPPER 66.17 56.01 60.43 66.63 57.61 78.99

HADDOCK 81.85 73.94 76.55 71.78 90.16 59.62

Bold values indicate the best value for each column.
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Table S4: Success rates of all twelve scoring functions on all datasets. The top four methods are
DL-based, and the rest are classical methods

Dataset Method acceptable medium high

top1 top10 top100 top1 top10 top100 top1 top10 top100

CAPRI
Score v2022
(Difficult)

DeepRank-GNN 7 32 65 0 8 30 0 0 0
GNN-DOVE 0 7 35 0 0 17 0 0 0
dMaSIF 10 28 75 3 10 32 0 0 0
PIsToN 17 28 67 0 3 35 0 0 0
FireDock 0 0 25 0 0 10 0 0 0
AP PISA 0 10 39 0 3 7 0 0 0
CP PIE 7 25 53 0 0 28 0 0 0
PyDock 0 7 35 0 0 7 0 0 0
ZRANK2 0 14 46 0 0 25 0 0 0
RosettaDock 3 10 46 0 0 28 0 0 0
SIPPER 0 14 50 3 7 25 0 0 0
HADDOCK 3 14 46 0 0 17 0 0 0

CAPRI
Score v2022

(Easy)

DeepRank-GNN 15 43 74 20 64 82 0 16 30
GNN-DOVE 2 25 66 12 35 58 0 5 15
dMaSIF 28 41 79 15 48 87 7 23 38
PIsToN 17 51 84 20 66 87 2 20 30
FireDock 2 15 46 2 5 25 0 5 12
AP PISA 7 17 66 7 17 46 0 2 10
CP PIE 5 35 84 25 48 87 5 12 28
PyDock 2 10 46 2 5 43 0 5 7
ZRANK2 10 25 74 10 30 69 0 2 10
RosettaDock 12 30 71 10 25 69 0 2 15
SIPPER 10 38 82 15 43 79 0 7 30
HADDOCK 7 41 69 5 30 69 2 10 17

CAPRI
Scores
Refined

DeepRank-GNN 7 38 61 15 38 53 0 7 15
GNN-DOVE 0 38 76 7 23 53 0 15 23
dMaSIF 15 30 76 0 15 69 0 15 38
PIsToN 7 46 61 30 46 53 0 7 23
FireDock 0 0 23 0 0 0 0 0 0
AP PISA 0 0 15 0 0 7 0 0 0
CP PIE 7 30 61 7 23 61 7 7 30
PyDock 0 0 0 0 0 0 0 0 0
ZRANK2 0 0 46 0 7 23 0 7 7
RosettaDock 0 0 61 0 7 30 0 7 7
SIPPER 7 38 53 0 15 61 0 0 23
HADDOCK 0 0 53 0 7 38 0 7 7

BM4

DeepRank-GNN 0 15 36 0 21 36 5 21 36
GNN-DOVE 0 15 47 0 21 42 0 10 42
dMaSIF 5 5 31 0 15 31 5 10 31
PIsToN 5 26 42 5 26 42 5 21 42
FireDock 5 15 31 0 10 31 0 10 31
AP PISA 0 31 36 0 26 36 0 15 26
CP PIE 0 15 47 15 21 42 5 15 42
PyDock 0 15 31 0 15 31 0 5 26
ZRANK2 0 5 47 0 21 47 0 10 47
RosettaDock 0 10 47 0 10 47 0 5 47
SIPPER 0 15 31 0 21 31 0 10 26

Continued on next page
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Table S5 – continued

Dataset Method acceptable medium high
top1 top10 top100 top1 top10 top100 top1 top10 top100

HADDOCK 5 15 47 5 15 47 0 10 47

BM5

DeepRank-GNN 13 46 80 40 66 66 40 80 100
GNN-DOVE 0 6 33 0 13 20 6 6 20
dMaSIF 0 26 80 13 33 66 26 73 100
PIsToN 6 40 80 40 60 66 20 73 100
FireDock 0 0 6 0 0 0 0 0 0
AP PISA 0 6 13 0 0 0 0 0 0
CP PIE 6 53 80 40 60 66 46 86 100
PyDock 0 0 6 0 0 0 0 0 0
ZRANK2 0 0 6 0 0 0 0 0 0
RosettaDock 13 46 66 0 6 20 0 0 0
SIPPER 0 40 80 20 60 66 40 73 93
HADDOCK 0 0 6 0 0 0 0 0 0

Dockground

DeepRank-GNN 1 10 26 35 59 98 1 3 17
GNN-DOVE 12 22 26 57 82 98 1 12 17
dMaSIF 5 15 26 29 75 98 1 12 17
PIsToN 0 1 28 24 71 98 1 8 17
FireDock 0 7 26 1 14 96 0 0 15
AP PISA 0 3 26 1 17 92 0 0 12
CP PIE 3 10 28 29 64 98 3 14 17
PyDock 0 1 26 0 10 89 0 0 12
ZRANK2 1 1 22 12 42 98 0 0 14
RosettaDock 1 3 21 10 47 94 0 0 15
SIPPER 3 14 26 35 77 98 8 12 17
HADDOCK 3 5 26 10 56 98 0 1 14

PDB
2023

DeepRank-GNN 1 11 48 3 5 30 30 48 96
GNN-DOVE 3 15 48 0 0 30 0 5 96
dMaSIF 1 44 48 3 26 30 46 80 96
PIsToN 1 44 48 9 30 30 76 92 96
FireDock 0 3 48 0 0 30 0 0 96
AP PISA 0 1 48 0 0 30 0 0 96
CP PIE 0 38 48 1 19 30 75 90 96
PyDock 0 0 48 0 0 30 0 0 96
ZRANK2 0 7 48 0 3 30 0 0 96
RosettaDock 3 11 48 0 5 30 0 0 96
SIPPER 3 38 48 7 17 30 38 65 96
HADDOCK 0 1 48 0 0 30 0 0 96

Bold values indicate the best value for each column.

6



F
ig
u
re

S
1:

T
h
e
su
cc
es
s
ra
te
s
of

sc
or
in
g
fu
n
ct
io
n
s.

F
o
r
ea
ch

m
et
h
o
d
,
th
e
co
lu
m
n
s
co
rr
es
p
o
n
d
to

d
a
ta
se
ts

(f
ro
m

le
ft

to
ri
gh

t:
C
A
P
R
I
S
co
re

v
20
22

(D
iffi

cu
lt
),

C
A
P
R
I
S
co
re

v
2
0
2
2
(E

a
sy
),

C
A
P
R
I
S
co
re

R
efi
n
ed
,
B
M
4
,
B
M
5
,
D
o
ck
g
ro
u
n
d
,
a
n
d

P
D
B
-2
02
3)
.
T
h
e
co
lo
rs

co
rr
es
p
on

d
to

th
e
to
p
1
,
to
p
1
0
,
to
p
2
5
,
a
n
d
to
p
1
0
0
.

7



Figure S2: Correct classifications by methods for the “AllButOneWrongSets” set
(CAPRI Score v2022 - easy targets)

Figure S2 illustrates that 1147 easy docking models were correctly classified by only one method
(highlighted in red) in the “AllButOneWrongSets” set. For further clarification, Figure S3 shows how
many docking models were classified correctly with each method.

Figure S3: Distribution of the number of docking models correctly classified by only one method in
the “AllButOneWrongSets” set (CAPRI Score v2022 - easy targets)
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Figure S4: Correct classifications by methods for the “AllButOneWrongSets” set
(CAPRI Score v2022 - difficult targets)

Figure S4 illustrates that 1520 difficult docking models were correctly classified by only one method
(highlighted in red) in the “AllButOneWrongSets” set. For further clarification, Figure S5 shows how
many docking models were classified correctly with each method.

Figure S5: Distribution of the number of docking models correctly classified by only one method in
the “AllButOneWrongSets” set (CAPRI Score v2022 - difficult targets)
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Figure S6: Correct classifications by DL-based methods for the “AllButOneWrongSets” set
(CAPRI Score v2022 - easy targets)

Figure S6 illustrates that 6097 easy docking models were correctly classified by only one DL-based
method (highlighted in red) in the “AllButOneWrongSets” set. For further clarification, Figure S7
shows how many docking models were classified correctly with each DL-based method.

Figure S7: Distribution of the number of docking models correctly classified by only one DL-based
method in the “AllButOneWrongSets” set (CAPRI Score v2022 - easy targets)
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Figure S8: Correct classifications by DL-based methods for the “AllButOneWrongSets” set
(CAPRI Score v2022 - difficult targets)

Figure S8 illustrates that 4104 difficult docking models were correctly classified by only one DL-
based method (highlighted in red) in the “AllButOneWrongSets” set. For further clarification, Figure
S9 shows how many docking models were classified correctly with each DL-based method.

Figure S9: Distribution of the number of docking models correctly classified by only one DL-based
method in the “AllButOneWrongSets” set (CAPRI Score v2022 - difficult targets)
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Figure S10: Distribution of protein families of the “AllWrongSets” set
(CAPRI Score v2022 - easy targets)

Figure S11: Distribution of protein families of the “AllWrongSets” set
(CAPRI Score v2022 - difficult targets)
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Figure S12: Distribution of protein families of the “AllButOneWrongSets” set
(CAPRI Score v2022 - easy targets)

Figure S13: Distribution of protein families of the “AllButOneWrongSets” set
(CAPRI Score v2022 - difficult targets)
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Figure S14: Distribution of protein families for which DeepRank-GNN was the only successful
method in the “AllButOneWrongSets” set

(CAPRI Score v2022 - easy targets)

Figure S15: Distribution of protein families for which DeepRank-GNN was the only successful
method in the “AllButOneWrongSets” set
(CAPRI Score v2022 - difficult targets)
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