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Abstract

Motivation: AlphaFold2 significantly improved the prediction of protein complex structures. However, its accuracy is lower
for interactions without coevolutionary signals, such as host-pathogen and antibody-antigen interactions. Two strategies
have been developed to address this limitation: massive sampling and replacing the evoformer with the pairformer, which
does not rely on coevolution, as introduced in AlphaFold3, thereby enabling more structural reasoning by the network.

Results: In this study, we benchmark structure prediction methods on unseen antibody-antigen complexes. We found that
increased sampling improves the chances of generating a correct protein model, roughly in a log-linear manner. However,
the internal quality estimates by AlphaFold often cannot identify the best predicted structures for each target, resulting in
a significant loss of performance for the top-ranked protein model compared with the best model. For all methods, a sig-
nificant challenge remains the identification of the best model. We also show that AlphaFold3 outperforms AlphaFold2,
Boltz-1, and Chai-1. Furthermore, AlphaFold3 performance declines significantly for complexes that lack structural simi-
larity to the training set, indicating that it has to some extent learned to detect remote structural similarities.

Availability and implementation: All code is available from github.com/samuelfromm/abag-benchmark-set/ and all data

from DOI: 10.5281/zen0do.17978681. The latter repository also contains the code.

1 Introduction

Antibody-antigen interactions play a crucial role in immunology
and various biotechnological applications. Furthermore, the use
of therapeutic antibodies has increased over the past few deca-
des (Lu et al. 2020). Therefore, accurate prediction of these
interactions is essential. It can accelerate discovery by identify-
ing potential immunotherapy candidates and enhancing our
ability to design targeted treatments for various diseases, in-
cluding cancers and autoimmune disorders.

The prediction of protein complexes has advanced consider-
ably with the advent of AlphaFold2 (Jumper et al. 2021), origi-
nally designed to predict the structures of individual proteins
(Bryant et al. 2022). However, AlphaFold2 accuracy decreases
for interactions lacking coevolutionary signals, particularly in
complex biological systems such as host-pathogen (Saluri et al.
2025), and for antibody-antigens (Yin and Pierce 2024).
Recognizing this limitation, two primary strategies have been
established to improve prediction accuracy.

The first strategy involves extensive sampling methods dem-
onstrated during the CASP15 competition (Lu et al. 2020,

Wallner 2023), where multiple structures were generated, in-
creasing the likelihood of identifying accurate conformations.
Several alternative methods have been proposed to increase
sampling efficiency, including using dropout (Lu et al. 2020,
Wallner 2023, Raouraoua et al. 2024), masking columns in the
MSA (Kalakoti and Wallner 2025), and subsampling the MSA (Del
Alamo et al. 2022).

Several scoring functions have been developed to estimate
the accuracy of predicted structures, starting with the introduc-
tion of pDockQ, used to predict the DockQ from AlphaFold2.0
(Bryant et al. 2022). With the introduction of AlphaFold-
multimer (Evans et al. 2022), an internal score (ipTM) can be
used to estimate the quality of the predicted interaction.
Internally, AlphaFold2 and the other methods use the ranking
confidence, a linear combination of 80% ipTM and 20% pTM.
Several attempts have been made to improve the ranking. For
instance, pDockQ2 (Zhu et al. 2023) can be used to predict the
quality of interactions of each chain, actifpTM (Varga et al. 2024)
is tuned to rank interactions involving flexible regions, and
ipSAE (Dunbrack 2025) is developed to better separate true from
false interactions than ipTM. All of these methods might provide
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an improvement over AlphaFold2 (i)pTM scores. However, it has
not been clearly demonstrated that they significantly improve
the per-target ranking of antibody-antigen complexes.

In this study, our objective was to evaluate new structure pre-
diction methods for predicting antibody-antigen complexes us-
ing a new benchmark. We assess whether larger sampling,
selection, and confidence metrics can improve the identification
of accurately predicted structures.

2 Material and methods
2.1 Dataset

The dataset consists of 110 antibody-antigen structures with
<80% sequence identity to any protein in the training set. The
dataset was created using a slightly modified version of the
Antibody Antigen Dataset Maker (AADaM) (McCoy et al. 2024),
available from https://github.com/samuelfromm/AADaM-fork.
We initially used all entries deposited in SAbDab (Schneider
et al. 2022) as of 23 October 2024. These structures are then di-
vided into two subsets: a “before” dataset (30 September 2021)
and an “after” (benchmark) dataset (30 September 2021). The
chosen date, 30 September 2021, serves as the cut-off for the
training data used by all benchmarked methods. The “before”
dataset was filtered to retain only structures in which at least
one antigen chain is a peptide or protein.

Antibody-peptide structures were excluded from the bench-
mark dataset, which was further filtered to include only struc-
tures determined by X-ray diffraction or electron microscopy,
with a resolution of 3.5A or better. Structures with non-
standard residues were excluded unless at the sequence ends,
in which case they were trimmed. Structures missing >10% of
residues were also discarded. Structures are discarded from the
benchmark dataset if the sequence identity between the bench-
mark and “before” dataset exceeded 80%. Sequence identity be-
tween the two datasets was calculated individually for the
heavy (H), light (L), and antigen chains using a global alignment.
The benchmark set itself is further clustered by sequence iden-
tity using the same procedure and threshold. During clustering,
the structure with the fewest missing residues in the H, L, and
antigen chains is retained. If two structures have the same num-
ber of missing residues, the one with the shorter antigen se-
quence is selected. One of the now 111 complexes failed due to
an HHblits-related issue and was therefore excluded, leaving the
final dataset with 110 proteins. In the final set, no two antibod-
ies are identical, while one antigen is present twice, bound to
two different antibodies.

We also quantified how the benchmark size would change if re-
dundancy was assessed using concatenated complementarity-
determining regions (CDRs) sequences. Applying the same 80%
identity threshold retained 416 complexes, reflecting the much
higher diversity of CDR regions compared to full antibody sequen-
ces. Furthermore, we examined CDR redundancy in 110 bench-
mark complexes relative to the training set and found that
although some loops are identical to those in the training set,
no single antibody has all its loops identical to any antibody
in the training set. The maximum sequence identity for the
concatenated loops is 72%. For antigens, 15 sequences were

found in the training set, while the other 110 are unique to the
benchmark (note that some complexes have more than one an-
tigen chain). In Fig. S1, available as supplementary data at
Bioinformatics online, it can be seen that most antibodies
share a maximum identity to a member of the training set of
~50% for the concatenated loops, although individual loops
have higher identities.

2.2 Structure generation

2.2.1 AlphaFold2.3 methods to enhance sampling

To increase the sampling diversity, we examined previously de-
scribed methods (Del Alamo et al. 2022, Wallner 2023, Kalakoti
and Wallner 2025) by modifying the AlphaFold2.3.2 code. All
methods were run without relaxation. The maximum template
date is set to 30 September 2021. We used the latest version of
the weights (v3) and for each of the five available network mod-
els, 40 predictions were generated, resulting in a total of 200
models per method.

In total, five different AlphaFold2-based methods were
evaluated:

AlphaFold2.3: AF2.3 with default parameters.

* AF2.3-SubSampl-32-64: AF2.3 with MSA subsampling using
num_msa=32 and num_extra_msa=64 compared to the de-
fault values of 508 and 2048, respectively.

* AF2.3-SubSampl-16-32: AF2.3 with MSA subsampling using
num_msa=16 and num_extra_msa=32.

* AF2.3-Dropout: using the ideas in AFsample (Wallner 2023),
i.e. we turn on dropout during interference.

* AF2.3-ColMask: using the ideas in AFsample2 (Kalakoti and

Wallner 2025), i.e. we randomly mask 15% of the columns in

the MSA.

The code for our implementation of the above methods is
available at https://github.com/samuelfromm/alphafold-clone.
It should be noted that we used the default parameters for all
methods. Other hyperparameters, such as dropout rates, might
yield better performance. In CASP, up to five models were
allowed, and it is often good to submit a diverse set of models
(Elofsson 2025), so if such a strategy were applied here, the dif-
ference to the best possible model would decrease. However,
the best approach for selecting five models has not been well
studied; therefore, we have focused only on selecting the top-
ranked model.

2.2.2 AlphaFold 3, Chai-1, and Boltz-1 models

For each complex in the dataset, 40 random seeds (1-40) were
used to generate five models each, resulting in a total of 200
models per complex.

2.2.3 MSA generation

Multiple sequence alignments (MSAs) were generated using the
AlphaFold 2.3.2 pipeline (specifically commit £251de6). For
running AF3 and Boltz-1, we specifically used the bfd unir-
ef hits.a3m file produced by this pipeline, while for Chai-1,
MSAs were generated using the—use-msa-server option via
the ColabFold (Mirdita et al. 2022) server.
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2.3 Evaluation

2.3.1 Scoring

To calculate scores, we created a Snakemake workflow. For
each prediction, the corresponding predicted model (query) and
the PDB ground truth structure of the corresponding PDBID (ref-
erence) were used as inputs.

AADaM (McCoy et al. 2024), the pipeline used to generate our
dataset, outputs a FASTA sequence for each antibody-antigen
structure. However, these structures do not always align fully with
their corresponding PDB entries. Since AADaM focuses on the anti-
body-antigen interface, some chains present in the original PDB
file may be excluded from the interface structures used in our data-
set. Additionally, the sequence in the reference structure from the
PDB is often shorter than the SEQRES sequence used to generate
the protein structures. To address both issues, we first used
MMalign (Mukherjee and Zhang 2009) to calculate the alignment
between the query and reference structures. We then take each
pair of aligned chains and calculate a sequence alignment between
them. Based on this sequence alignment, we select the residues
present in both the query and the reference structure.

Using the cropped query and reference structures as input,
we calculate several metrics:

1) We used MMalign to calculate the TM-score (Zhang and
Sjolnick 2004).

2) We calculate the DockQ score (Basu and Wallner 2016,
Mirabello and Wallner 2024) for the antibody-antigen inter-
face (“merging” multi-chain antigens into a “single chain”).
This results in a single DockQ score for each complex.

3) Similarly, we calculate the ipSAE score (Dunbrack 2025) with
a PAE and distance cut-off of 10 A for the antibody-antigen
interface, resulting in a single score for each complex.

4) We calculate pDockQ version 2 (Zhu et al. 2023).

5) We extract the confidence scores from the predictions as out-
put by the respective method: ranking_confidence for
AlphaFold-based methods, confidence_score for Boltz-1, and
aggregate_score for Chai-1.

6) We calculate the aligned error between the cropped query
and reference structure as well as the aligned error ranking
confidence (see Section 2.7).

The workflow is the same for all samples and methods, except
for the last step: the aligned error analysis was performed only
for a selection of methods. The complete workflow is included
in the provided code.

In some cases, MMalign cannot properly align the chains, indi-
cating that the query and reference structures are dissimilar and
that the predicted structure is of very low quality. We still run
the rest of the workflow even when the number of aligned resi-
dues is extremely low. When the number of aligned residues,
normalised by the query length, is below 0.9, the resulting
DockQ scores typically fall between 0 and 0.05. We consider
these low scores to accurately reflect the poor quality of the pre-
dicted interfaces in such cases.

2.4 Sampling

For each method, we generated 200 models for each complex
and treated them as independent predicted structures, although

in AF3’s inference, each random seed generates five different
models. These models use the same information as the pair-
former, but differ in the built-in randomness of the diffusion pro-
cess for training. To assess the impact of sampling, we randomly
select k models with replacement, identify the best (highest
DockQ) and top-ranked (highest confidence) models, and record
their DockQ scores. For each sampling size k, we average the
recorded DockQ score over 50 iterations. We then average the
resulting score over all IDs and sample sizes.

2.5 Structural comparison

We used both global and interface similarity to investigate
whether structural similarity could be detected between the
proteins in the test and training sets. First, we used FoldSeek-
Multimer (van Kempen et al. 2024, Kim et al. 2025) to identify
global similarity between a complex in the test set and any pro-
tein present in PDB prior to the split date (30 September 2021).
For each complex, the maximum TM-score (Zhang and Sjolnick
2004) was normalized by the length of the query protein. Next,
we created a smaller dataset to examine the interface similarity
using USalign (Zhang et al. 2022). This dataset included all 1998
PDB entries with a TM-score >0.5 to any complex in the test
set. We first extracted all interface residues from the proteins in
the test set to evaluate interface similarity. Interface residues
were defined as any antigen residue containing an atom within
12 A of the antibody or vice versa. Next, the interface was aligned
to the 1998 PDB entries mentioned above using USalign with the
-mm 1 flag, and the maximum TM-score was recorded.

2.6 Model diversity, PconsDock

To estimate the diversity of models for a given target, we used
PconsDock (Pozzati et al. 2022), i.e. a pairwise comparison of all
the models for a target using DockQ. Due to computational con-
straints, we did not pairwise compare all 200 models. Instead,
for each model, we randomly selected 20 other models for com-
parison. We then report the average DockQ per target or
per model.

2.7 Aligned error

AlphaFold is trained to estimate two types of errors: the pLDDT,
which estimates the error for each residue, and the PAE, which
estimates the Aligned Error for each pair of residues. The pre-
dicted aligned error (PAE) is then used to calculate pTM and
ipTM, and hence the confidence score. We want to examine if it
is the quality of these estimates or the functional form of ipTM/
pTM itself that hampers discrimination among model predic-
tions. To test this, we evaluate discrimination performance
with oracle-based AEs (aeTMs) for a given prediction, de-
scribed below.

We follow the notation in Jumper et al. (2021) [§1.9.7].
Assume that we are given two structures—a reference and query
structure—for the same sequence. Let ¥ = {/;} and X = {X;}
denote the C*-positions of the reference and query structure, re-
spectively, let Ty; and Tx; be the corresponding backbone
frames, and let e;(X,Y) = ||Ty ! o Xij=T;to 7j|| be the error in
the Ca-position of residue j when the query and reference
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structures are aligned using the backbone frame of residue i.
The non-symmetric matrix (ej);;_; .., where Nres is the num-
ber of residues, is called the aligned error (AE) between the two
structures. Let

f(d,n) = ——— do(n) = 1.243/max(n, 19) — 15 1.8.

1+ (ﬁ)

We define the aligned error TM-score (aeTM) and aligned error
interface TM-score (aeiTM) as

Nres

1
TM(X,Y) := f(ei(X,Y),N 1
aeTM(X, Y) ;e[Tif)v(,ESJNres; SIS @
and
l Nres
iTM(X,Y) := —Ef-lXY i 2
ael ( ’ ) ie[{]:-]»a-,)\’(res] ‘®I| - (el]( ’ )7‘®1|)7 ( )

respectively. Here, ®©; denotes the set of all residues except resi-
duei.

Note that the aeTM score and the aeiTM scores can be viewed
as idealized versions of the predicted TM (pTM) score and inter-
face predicted TM (ipTM) score, respectively. Indeed, let us re-
place X with a predicted structure and assume that the ground
truth structure X' is unknown. Assuming that we have a ran-
dom variable Y({), sampling structures from a distribution of
probable ground truth structures. Then the pTM and ipTM
scores are given by

Nres

PTMO) = max > E[f(e;(, V() Nes)]  (3)
=

i€[L,...:Nres]) Nres —

and
1 e
ipTM(X) = max — Y E[f(e;(X,Y(0),|Dil)], 4
TN = max |1 3l Y(O) | N @

respectively (see AF2, §1.9.7 and AF2-multimer, §7.9). Here, the
expectation is taken over the probability distribution of
e;j(X,Y({)). Now, in an ideal situation, P(Y({) =Xx"™¢) =1, i.e.
the random variable Y takes on the values X" with probability
1, in which case E[f(e,»j(X, Y(C)))] = f(e,»j(X,X"“e)> so that
pTM(X) = aeTM(X, X'""®) and similarly ipTM(X) = aeiTM(X, X'"u¢).

In practice, AlphaFold learns to predict the probability distri-
bution of the elements of the aligned error e;(X,Y({)). To this
end, the distribution of e is discretized into 64 bins, ranging
from 0 to 31.5 A with a bin width of 0.5 A, where the final bin cap-
tures any errors larger than 31.5A. When calculating the aligned
error between two structures X and Y, we do, however, allow un-
limited error values.

While the pTM score is a predicted metric, the aeTM takes as
input any two structures of the same sequence, similarly to the
TM-score (Zhang and Sjolnick 2004). Note also that the aeTM
score is bounded from above by the TM-score (see AF2, §1.9.7).

Finally, recall that AlphaFold’s ranking confidence score is de-
fined as 0.2- pTM+0.8 - ipTM. In a similar fashion, we define the
aligned error ae ranking confidence (aeRankConf)
as0.2-aeTM+0.8-aeiTM.

3 Results and discussion

Here, we evaluated the performance of AlphaFold2.3 (Evans
et al. 2022), AlphaFold3 (Abramson et al. 2024), Boltz-1
(Wohlwend et al. 2025), and Chai-1 (Discovery et al. 2024), using
a dataset of 110 unseen antibody-antigen structures with lim-
ited identity to the training set, for varying numbers of gener-
ated protein models. For AlphaFold2.3, we also examined other
strategies reported to increase sampling efficiency.

Several studies have reported that generating more samples
improves the quality of AlphaFold2 predictions (Wallner 2023,
Raouraoua et al. 2024, 2026). Further, in the AlphaFold3
(Abramson et al. 2024) paper, it is claimed that generating thou-
sands of samples improved the predictions of antibody-antigen
complexes. We generated 200 models for each method and ex-
amined their performance, measured by the DockQ score (Basu
and Wallner 2016, Mirabello and Wallner 2024) between the anti-
gen and the antibody. The performance was measured for each
sampling size by using the mean DockQ of the best model for
each target and the mean DockQ of the top-ranked models, see
Section 2 for details. A summary of the results is presented
in Fig. 1.

3.1 AlphaFold3 makes better predictions
than the other methods

First, we will discuss the ability to generate a good model, as-
suming an oracle exists to identify the best model among all
models generated by a method. Figure 1A shows that
AlphaFold3 outperforms all other methods by some margin,
while AlphaFold2, Chai-1, and Boltz-1 show similar performance
when a single model is generated. One example where AF3 per-
formed considerably better than other methods is for the target
8TQ7, see Fig. 5. Here, the AF3 prediction is spot-on, while all
other methods predicted binding to different regions of
the antigen.

Secondly, it can be observed that all methods produce better
protein models as sampling increases. A roughly linear increase
is observed with the logarithm of the sample size. This means
that the average DockQ for AF3 of the best model increases from
below 0.3 to above 0.5 when 200 samples are generated. A simi-
lar increase is observed for AlphaFold2 and Chai-1 (Discovery
et al. 2024), while a smaller improvement is observed for
Boltz-1.

In AlphaFold3, additional models can be generated by rerun-
ning the entire pipeline with a different random seed or by let-
ting the diffusion model produce multiple models. Figure 1C
shows that using different seeds yields greater structural diver-
sity than generating more samples from the diffusion
step alone.
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Figure 1 For each method and sample size n we randomly select n proteins out of the 200 structures we created (with replacement). Out of these n
selected models, we select the model with the highest DockQ score (A) or highest-ranking confidence (B), respectively, and record its DockQ score on
the y-axis. (C) Identification of the best, i.e. highest DockQ score, model when changing either the seed or only the sample for up to five models.

3.2 AF2.3-ColMask (AF-Sample2) is the
most efficient strategy to
increase sampling

As shown before, it is possible to increase the diversity of the
generated proteins using several different strategies. We exam-
ined these strategies by modifying AlphaFold2.3, as the
AlphaFold3 licence does not allow such modifications and be-
cause this study was initiated before the release of AlphaFold3.
In CASP15, it was shown that increased sampling via dropouts
improved prediction accuracy, particularly for antigen-antibody
pairs (Wallner 2023) using AFsample. We refer to it here as
AF2.3-Dropout, as the implementation is not identical. More re-
cently, the Wallner group developed AFsample2 (hereafter re-
ferred to as AF2.3-ColMask), an even more aggressive method to
add noise by masking entire columns in the MSA (Kalakoti and
Wallner 2025). It is also possible to generate alternative confor-
mations by subsampling the MSA (Del Alamo et al. 2022).

Figure 1A shows that, on average, all methods generate
slightly worse models than the default AlphaFold2.3 setting
when only one model is generated, see SampleSize = 1(10°).
The difference is negligible for all methods except for AF2.3-
ColMask (which is very similar to AFsample2), which produces
significantly worse average models, DockQ of 0.138 versus
0.163. However, as more models are generated, all these meth-
ods produce better models than AlphaFold2.3 does natively.
Overall, AF2.3-ColMask generated the best protein models, likely
due to its more aggressive noise addition.

3.3 A large gap between the best and top-
ranked models

It is necessary to identify good models as well as generate them.
Figure 1B shows the average DockQ score for the top-ranked
model against sample size. For all methods, the increase in aver-
age DockQ with sample size is much smaller than what is ob-
served for the best model (Fig. 1A). This means that the internal
ranking of the models cannot identify the best generated model.
For AlphaFold3, it means the average DockQ increases only from
0.29 to 0.37, rather than 0.52. For Boltz-1 and Chai-1, there is
hardly any improvement with larger sample sizes (from 0.12 to

0.14). For the AlphaFold2.3-based models, a similar trend to that
observed for AlphaFold3 is evident. Here, AF2.3-SubSample per-
forms as well as AF2.3-ColMask when 30 or more models are
generated. It is clear that better detection of top-ranked models
would significantly improve the prediction of antibody-anti-
gen structures.

In Fig. 2, we take a more detailed look at the distribution of
the scores for each target. It can be seen that for all methods,
the targets can, in general, be divided into three types. To the
left in the plots are the easy-to-predict targets, where most
models are correct, though a few are incorrect. To the right in
the plots are challenging targets, where most models are wrong,
but a few good models exist for some targets. In the middle are
models with many good and bad models. Further, the main dif-
ference between the four methods is the number of targets
within each category, i.e. AlphaFold3 has many more easy-to-
predict targets.

In Fig. 3, it can be seen that for both top-ranked and best
models, some targets where AlphaFold2.3 outperforms
AlphaFold3 exist. This indicates that there is no unique set of
easier models; instead, there is a larger set of models where
AlphaFold3 produces significantly better structures than the
other methods.

3.4 Has AlphaFold3 learned to predict
structure beyond its training set?

Next, we investigated how AlphaFold3 can predict many targets
almost perfectly, while other methods failed for the same tar-
gets. There should be no coevolutionary signal between the an-
tibody and the antigen; therefore, AlphaFold3 may have learned
something about the physics governing the interactions.
Alternatively, it may have identified patterns in the database
that other methods did not. To answer this, we compared each
target in our test set with the training data, i.e. all of PDB until
September 2021. The search was made either by examining just
the interface (Fig. 4A) or the entire complex (Fig. 4B). For each
complex in our test set, we noted the maximum TM similarity to
any complex in the training set for either the entire complex or
just the interface region.
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Box Plot of DockQ for each query ordered by mean score (AlphaFold3)

A Box Plot of DockQ for each query ordered by mean score (AlphaFold2.3)
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Figure 2 Each figure shows a box plot for the DockQ score for each target ID, sorted by mean DockQ score for that target ID and that method. The
highest-ranked model is highlighted with a thick dot. (A) AlphaFold2.3, (B) AlphaFold3, for Boltz-1 and Chai-1 see Fig. S2, available as supplementary
data at Bioinformatics online. It can be seen that the variance of DockQ and ranking confidence is highest for targets with intermediate difficulty (see
Figs S3 and S4, and that these two variations correlate for AlphaFold3, Figs S5 and S6, available as supplementary data at Bioinformatics online).
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Figure 3 DockQ scores for AlphaFold3 versus AlphaFold2.3 for best
models (A) and top-ranked models (B).
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Figure 4 Prediction performance versus similarity to the training data
for AlphaFold2.3 and AlphaFold2 using interface TM-score similarity (A)
or query TMscore similarity (B) versus the mean AbAG-score for each
target. For Max or first ranked scores, see Fig. S7, available as
supplementary data at Bioinformatics online.

As shown in Fig. 4, the mean DockQ score significantly
increases when a structurally similar antibody-antigen complex
exists in the training set of AlphaFold3, and to a lesser extent

for Chai-1. When the best model for each target is used, a
similar trend can be seen for all methods, Fig. S7, available as
supplementary data at Bioinformatics online. However, it should
be noted that well-predicted models exist in which no structural
similarity can be detected, and that the prediction is often dire,
even if a structurally similar complex is present in the training
set, as seen in Fig. S8, available as supplementary data at
Bioinformatics online. In general, the correlation between the
AbAG-DockQ score and the similarity to the training set is low
(Cc=0.32 for complex search and 0.17 for interface) (Fig. S9,
available as supplementary data at Bioinformatics online), fur-
ther supporting the idea that similarity with the training set is
neither a requirement nor a guarantee for a correct prediction.
We could not detect any trends for better performance for tar-
gets with high sequence identity in either the CDR regions or for
the antigens, Figs S10 and S11, available as supplementary data
at Bioinformatics online.

We also noted that it is not trivial to understand what
AlphaFold3 might have used from the training set to make excel-
lent predictions. Figure 5B shows an example of the most similar
hit in the training set to a model that AlphaFold3 (but not other
methods) predicted well (8TQ7). It can be seen (in magenta)
that the best hit (6DDM) has a similar beta-sheet domain that
binds to the antibody. However, it is also clear that the interface
is not identical [the interface TM-score (Zhang and Sjolnick
2004) is 0.63], indicating that, in this case, AlphaFold3 may have
learned the orientation of the domains rather than the exact
packing of the interface.

3.5 Ranking of AlphaFold3 models

Figure 1 clearly shows that an improved ranking of the models
for each target would significantly improve antibody-antigen
predictions. The average DockQ score would increase from 0.37
to 0.52. While the correlation between ranking confidence and
DockQ across all targets is reasonably good (Cc=0.80 for rank-
ing confidence), it is quite poor when considered on a per-target
basis (mean CC=0.28), as can be seen in Fig. 6. Although for
some targets ranking confidence and DockQ correlate, for many
they do not. Some targets have almost identical ranking confi-
dences, but the DockQ varies widely, while others, including
TWVM, have virtually identical (bad) DockQ scores, while the
ranking confidence differs widely. Alternative measures, such as
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Figure 5 (A) Example (8TQ7) of a prediction where AlphaFold3 is
superior to all other methods. The antigen in the center is shown in
magenta, grey (to the left)—PDB structure, red (to the upper left)
AlphaFold3, green (in the lower center) Boltz-1, lime (to the botom
right) Chai-1, blue (to the right) AlphaFold2.3. (B) Superposition of
8TQ7, in magenta and grey, with the most similar protein complex in
the training set (6DDM) in blue.
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Figure 6 DockQ scores versus ranking confidence for all AlphaFold3
models. All models are shown in a single colour for each target. The
overall correlation coefficient is 0.8, while the mean correlation
coefficient per target (<R >) is only 0.28. A plot with a maximum of 10
targets per plot is shown in Fig. S15, available as supplementary data at
Bioinformatics online.

pDockQ, which are also based on predicted qualities (pLDDT
and PAEs), show very similar behaviour (data not shown).

An alternative method to estimate the quality of a model is to
use what we earlier referred to as PconsDock (Pozzati et al.
2022), i.e. to pairwise compare all the models for a target using
DockQ. In Figs S12 and S13, available as supplementary data at
Bioinformatics online, we show that the PconsDock score corre-
lates as well as ipTM with the real DockQ scores, but is no better
at ranking the targets. The reason is, obviously, because for a
hard target, the models do not agree on how to locate the anti-
body on the antigen. In contrast, for an easy target, all antibod-
ies are placed at the same location, as shown in Fig. S14,
available as supplementary data at Bioinformatics online.
Interestingly, there is one target, 8U3S, where both ipTM and
PconsDock scores are high, although the DockQ score is low; see
Fig. S14, available as supplementary data at Bioinformatics online.

In this case, SabDab is likely wrong, as the asymmetric unit does
not correspond to the biological assembly according to PDB.

3.6 Ranking analysis

One of AlphaFold2’s most innovative features was its ability to
accurately estimate the quality of the generated protein struc-
tures. The estimates stem from two predicted features: the pre-
diction of the accuracy of an individual residue (pLDDT) and the
PAE, which estimates the error in the distance between pairs of
residues (Jumper et al. 2021). Since the introduction of
AlphaFold-multimer, these estimated distances have been used
to calculate ipTM, specifically estimating the accuracy of interac-
tions between chains.

Attempts to improve these scores have been proposed since
the introduction of pDockQ (Bryant et al. 2022), which predicts
the DockQ score for protein models generated by AlphaFold2.0.
pDockQ bases its predictions on the number of interacting resi-
dues and their pLDDT values. Several other methods based on
similar ideas have been introduced later. Recently, attempts
have been made to improve AlphaFold’s ipTM and pTM scores
(and thus the ranking confidence) by recalculating them from
PAE values (Varga et al. 2024, Dunbrack 2025). These methods
modify functions (3) and (4) used to calculate the pTM and ipTM
scores, respectively, while still using the same features used to
calculate the ipTM and pTM scores.

To demonstrate the importance of accurate PAE predictions,
we have also included these measures calculated from perfect
PAE values, aeTM and aeiTM. One example of how this affects
predictions is shown in Fig. 7A-D. The two models are of 8HIT,
one is almost perfect (DockQ: 0.690), while the other is rather
poor (DockQ: 0.040). However, the PAE matrices for the two
cases are almost identical.

To better understand the impact of feature quality versus func-
tion accuracy, we investigate how well the ideal aligned error
scores, aeiTM and aeTM (see Equations (1) and (2)), perform. We
compared these measures on their ability to identify top-ranked
model, as well as their correlation with DockQ, both overall (R) and
per target (< R>), see Fig. 7E and Tablel. For measures based on
predicted PAE values—regardless of the specific choice of mea-
sure—(i) the average DockQ score of the top-ranked model is signif-
icantly lower than the best possible (DockQ=0.35, versus 0.54), (ii)
the overall correlation with DockQ is acceptable (R > 0.7), while (jii)
the per-target correlation is much worse (<R> <0.30). At the
same time, using any of the measures with idealized PAE predic-
tions solves these problems. Figure 7E shows the average DockQ
score for each ranking method and sample size. Selecting by aeiTM
yields results much closer to the best possible outcome compared
to selection by ipTM, indicating that the limiting factor when it
comes to the ipTM score, at least for antibody-antigen complexes,
is the accuracy of the PAE (and not necessarily a problem with the
way the ipTM score is calculated itself). In Fig. 7F, it can be seen
that the average per target correlation is almost as high as the
overall correlation (R=0.70 versus 0.89).

3.7 Analysis of the PAE matrices

As can be seen in Fig. 7 the PAE matrices often have some sort
of patterns. To examine whether this could have a rational
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Figure 7 (A and B) PAE plots for two models of 8HIT. The chain
breakers are marked in red (darker). The mean absolute error (MAE)
between the two PAE matrices is 1.03 across the whole matrix and 1.37
across the inter-chain region. (C and D) AE plots for the same two
models 8HIT. The mean average error between the two AE matrices is
13.24 across the whole matrix and 19.53 across the inter-chain region.
(E) Ranking using different ways to use the PAEs to calculate the scores,
in red methods using predicted PAEs (lower curves) and in blue (top
curves) using AE (i.e. idealized PAE) scores. The primary issue is that the
ground-truth aligned error values are not sufficiently accurate, resulting
in a significant performance gap. (F) the aligned error ranking
confidence values (compare with Fig. 6).

Table 1 Summary for different methods to rank AlphaFold3 models,
average DockQ (< DockQ >) and Spearman correlation for all targets
(R) or average per target <R>.

Method <DockQ> R <R>
DockQ 0.544 1.000 1.000
aeTM 0.516 0.814 0.665
aeiTM 0.508 0.873 0.562
aeRankConf 0.511 0.879 0.595
pT™M 0.369 0.670 0.200
ipT™M 0.370 0.707 0.220
RankConf 0.375 0.799 0.214
pDockQ2 0.352 0.603 0.184
ipSAE 0.353 0.750 0.247

explanation, we compared all PAE matrices across models. First,
we defined two regions of the PAE matrix. Regionl is the region
to the top right related to the antibody-antigen contacts, while
Region2 is the corresponding area in the bottom left part of the
matrix. Regionl is related to the PAEs when the models are
aligned on the antigen, while Region2 is related to the PAEs
when the alignment occurs on the antibody.

First, it can be noted that the scores are almost always
lower (better PAEs) in Region2 than in Regionl, this is likely
just an effect of size. However, this results in the fact that in al-
most all cases pTM and ipTM are calculated from one line in
this region. Secondly, the correlation between different tar-
gets within the same region is much higher than that between
Regionl and Region2 (Fig. S16, available as supplementary
data at Bioinformatics online), indicating that it might be of
important to develop a score that takes both regions
into account.

Next, we analysed the correlation between rows and columns
in the two regions, see Fig. S17, available as supplementary data
at Bioinformatics online, this refers to how consistent the PAEs
are when aligning on a specific residue in the other chain. It can
be seen that the strongest correlation is for rows in Region2.
This means that the strongest pattern occurs when the antigen
is aligned with antibody residues, i.e. it is not particular residues
(loops) in the antibody that dominate the patterns. We observed
that the lowest PAEs were often found on surface exposed resi-
dues (data not shown).

4 Conclusion

In this study, we benchmarked different sampling and ranking
strategies against a selected ensemble of unseen antibody-anti-
gen complexes.

Our findings reveal that (i) AlphaFold3, but not Chai-1 and
Boltz-1, consistently offers improved predictions over
AlphaFold2, (ii) larger sampling sizes correlate with an in-
creased probability of generating at least one good model, (iii)
a crucial bottleneck persists in accurately identifying the best
model among the generated models, and (iv) AlphaFold3’s per-
formance drops considerably for complexes without prior
structural similarities to the training dataset, underscoring the
model’s dependence on previously encountered data for accu-
rate predictions, the same is not seen for analysing sequence
similarity to the training set. However, even if we see an in-
creased success rate for targets with greater structural similar-
ity to the training set, it is clear that this is neither a sufficient
nor a necessary condition, as there are successful predictions
with low similarity and unsuccessful predictions with
high similarity.

Furthermore, to analyse the confidence metric used by
AlphaFold (ipTM score), we introduced an idealized version of the
ipTM score, showing that if the underlying estimates of accuracy
(the PAE) are sufficiently accurate, the default ipTM formula is suf-
ficient to achieve close to ideal per-target ranking and thereby
significantly increase the DockQ score of the top-ranked model.
This indicates that the limitation lies not in the ipTM formula itself
but in AlphaFold’s ability to accurately predict aligned errors.
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