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Highlights

Extended tight-binding (xTB) methods were integrated with end-point free
energy calculations to evaluate receptor-ligand binding.

Both single-trajectory and three-trajectory sampling protocols were bench-
marked by using various xXTB Hamiltonians and implicit solvent models.
The study used diverse host-guest datasets featuring cucurbiturils, octa
acids, and pillararenes paired with multiple guest molecules.

The three-trajectory GFN2-xTB/PB approach delivered consistently strong
performance across various host families.

Whereas MM/GBSA generally had better performance, xTB methods pro-
vided advantages in challenging cases, such as sulfur-substituted hosts.
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In brief

This study comprehensively evaluated
xTB implicit-solvent Hamiltonians in
end-point free energy calculations for
host-guest binding. Using more than
250 host-guest complexes spanning
seven hosts comprising cucurbiturils,
octa acids, or pillararenes, the authors
systematically assessed combinations
of sampling protocols, xTB levels
(GFNO-2), solvent models (PB, GB,
and CPCM-X), and entropy treatments.
The three-trajectory GFN2-xTB/PB
AH method emerged as the most reli-
able xTB-based protocol but generally
fell short of the best-performing MM/
GBSA approach (three-trajectory MM/
GBOBCSA AG). Notably, xTB methods
outperformed MM/GBSA in specific
challenging cases, such as sulfur-con-
taining systems, thus highlighting
their value as alternative tools when
MM-based models struggle. These
findings underscore the promise of
xTB end-point protocols in host-guest
and potentially protein-ligand binding
applications.

Mﬂéé_ﬂ,v_’r

o
—
=
=
=
>
-
=
0
o



mailto:z.sun@suat-sz.edu.c

2
Q
=
o=
<

igina

(0]

B%ntegr ation

Multiscale End-point Screening with
Extended Tight-binding Hamiltonians

Xiaohui Wang'?, Sai Li'3, Zuoyuan Zhang?, Lingiong Qiu® and Zhaoxi Sun'-*

Abstract

Background: Extended tight-binding (xXTB) methods offer a computationally efficient alternative to classical
force fields and ab initio quantum methods in modeling molecular systems. In the context of end-point free
energy calculations, integrating XTB with implicit solvation models provides a promising route for enhanced
accuracy. However, systematic benchmarking of XTB-based protocols remains limited, particularly in diverse
host-guest systems.

Methods: We investigated the integration of xXTB Hamiltonians (GFNO, GFN1, and GFN2) with post-sim-
ulation implicit-solvent models [Poisson—Boltzmann (PB), generalized Born (GB), and the most recent
CPCM-X] for end-point free energy calculations. A total of over 250 host-guest complexes were used, cover-
ing cucurbiturils, octa acids, and pillararenes. Both single-trajectory and three-trajectory sampling protocols
were applied. Entropic contributions were estimated via MM-based normal mode analysis and xTB-based
statistical approximations. We evaluated predictive performance using Kendall t, Pearson r, and predictive
index.

Results: The three-trajectory protocol consistently outperformed the single-trajectory counterpart across
Hamiltonians and solvent models. Among all configurations, the GFN2-xTB/PB combination showed the
best predictive accuracy, although it fell short of the top-performing MM/GBOBCSA AG method. Notably,
in challenging systems like sulfur-substituted pillararenes, XTB methods exhibited superior performance,
whereas MM/GBSA failed due to inadequate error cancellation. The use of CPCM-X did not further enhance
accuracy, possibly due to unsuccessful error cancellation.

Conclusions: While MM/GBSA remains the most robust protocol for general use, the GEN2-xTB/PB AH
method emerges as a viable alternative for cases where MM-based methods perform poorly. These findings
highlight the value of xXTB-based multiscale approaches for receptor-ligand binding, especially in complex
or chemically diverse systems.

Keywords

End-point free energy calculation, extended tight binding, host-guest binding, implicit solvent, multi-trajec-
tory sampling.

Introduction

End-point free energy calculations are based
on the principle in which the calculation of
the binding strength of a receptor-accep-
tor complex can be approximated through
end-point sampling and post-processing
energetic evaluations. End-point sampling
neglects the gradual spatial rearrange-
ment of the receptor-acceptor systems
and includes only the end-point ensemble
(i.e., the bound complex in most cases, and
rarely the unbound states) under consider-
ation, whereas post-simulation calculation
changes the ensemble, such that the config-
urational averaging is performed without
rigorous reweighting treatment (e.g., from
MM explicit-solvent simulations to MM/
implicit-solvent single-point calculations).
Such free energy techniques are approxi-
mated treatments by design, and their suc-
cess relies on the appropriateness of the

approximations used, the accuracy of the
Hamiltonians used, and most importantly
the cancellation of energetic errors of var-
ious origins.

The most widely applied end-point
protocol in biomolecular and drug
investigations is MM/GBSA with a sin-
gle-trajectory sampling regime [1-7].
This method samples only the bound-state
ensemble with fixed-charge force fields in
explicit solvents and post-processes the
accumulated snapshots with the same force
field in conjunction with a parametrized
implicit solvent. This regime is frequently
believed to achieve a screening power
greater than that of traditional molecu-
lar docking but less than that of costlier
regimes that rigorously treat the thermody-
namic variations during the binding events.
Modifications of the naive single-trajectory
MM/GBSA protocol are less frequently
used but have been shown to exhibit higher
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screening power than the commonly used protocol in several
cases [8—13]. Among modified regimes, the dielectric con-
stants [14, 15] are frequently varied. Other techniques, such
as shifting to higher-level (semi-empirical) QM descriptions,
have rarely been explored. The three-trajectory sampling
protocol, owing to higher energetic fluctuations, has also
been neglected in mainstream applications.

Extended tight-binding (xTB) methods, relatively new
semi-empirical QM techniques, serve as a balanced pro-
tocol to treat non-covalent interactions in biochemical and
biophysical clusters. Their accuracy surpasses that of exist-
ing semi-empirical protocols such as PM6-D3H4X [16] and
DFTB3 [17, 18] in various energetic benchmarks [19-21].
Although many semi-empirical QM levels (such as AMI,
PM6, and DFTB3) have been explored in the end-point
modification QM/GBSA, a systematic examination of GFN-
xTB implicit-solvent Hamiltonians remains lacking in the
approximated screening protocol.

Host-guest complexes with structural features similar to
those of receptor-acceptor systems involving biomolecules
have broad applications in the drug industry [22, 23]. In
practice, their ability to stably coordinate drug-like mol-
ecules with tunable strengths makes them promising for
controlled release, drug carrier, and reservoir applications
[24-26]. Structurally, these macromolecules are formed
from several repeating units, and contain a hydrophobic
central cavity encapsulating external agents and rims with
specific physiochemical features. Despite their relatively
simple structural features, calculating host-guest binding
affinities remains challenging, even with modern computa-
tional chemistry [27-32]. Recent reports on advanced end-
point modifications have highlighted the screening power of
modified end-point regimes, which has approached and even
surpassed that of costlier alchemical methods [8-10, 33].
In terms of the specific end-point modification QM/GBSA,
whereas all single-trajectory end-point protocols have exhib-
ited a major failure on the SAMPLY pillararene dataset, the
three-trajectory DFTB/GBSA regime has achieved unex-
pectedly high performance [8]. Given the similarity of DFTB
and GFN-xTB, and the higher energetic accuracy of the lat-
ter, we hypothesized that the xTB-based implicit-solvent
Hamiltonian might serve as a promising protocol for end-
point screening. Therefore, in this work, we present a thor-
ough exploration of the combinations of the xTB levels and
implicit-solvent models in end-point screening, by using a
series of host-guest datasets as the test bed.

To achieve sufficient coverage of the chemical space
and generate a representative evaluation set, we considered

several host-guest datasets generated in our previous stud-
ies. Macromolecular hosts belonging to three host fami-
lies: the pumpkin-like cucurbit[n]urils (CBnr with seven or
eight repeating units), the basket-like octa acids (OA), and
pillar[n]arenes (carboxylated WPn chemical modifications
with n =5, 6, 7, and sulfur-substituted SP6). The number of
guest molecules binding each host target was unprecedently
large: the total number of host-guest pairs exceeded 250. The
basic statistics of the test bed are presented in Table 1 and
Figure 1. Below, we describe the advanced end-point rank-
ing methods explored in this work, investigation of various
settings in calculations, protocol of the best-performing
GFN-xTB implicit-solvent protocol, and head-to-head
comparison between the advanced regimes and traditional
MM/GBSA scoring, to evaluate the practical value of the
modified regime.

Methods

Construction of the end-point
ensemble

We directly applied the parameters and configurational
ensembles from our previous studies in the current investiga-
tion. Basic details regarding the parametrization of all-atom
models included RESP [37] charges at HF [38-40]/6-31G*
(with structures optimized at B3LYP [41-43]/6-31G*),
GAFF derivatives [44] for host and guest molecules (GAFF2
for cucurbiturils and OA, and GAFF for pillararenes, all of
which were selected according to recently benchmarked host
dynamics) [31, 32, 45], spherical monovalent counter ions
(Na*or Cl7) [46, 47] for neutralization, and TIP3P water [48]
with a 15 A solute-edge distance for solvation. The construc-
tion of the bound structure was performed in AutoDock-Vina
with the default Vina scoring function [49, 50].

Regarding sampling of the configurational space, start-
ing from the solvated systems (host, guest, and host-guest
complex), we relaxed the system with energy minimization,
sub-ns constant-volume heating, and 1 ns NPT equilibration,
and then sampled each ensemble for at least 200 ns with a
10 ps sampling interval between successive configurations.
The unbound host ensemble was sampled for slightly longer
than the unbound guest and the bound host-guest systems,
this sampling strategy was designed to minimize the over-
all statistical uncertainty of the three-trajectory end-point
free energy estimates based on our previous studies, which

Table 1 Host-guest Datasets Considered Herein. Experimental Affinities are Available in our Previous Articles [34—36]
Properties Host
CB7 CB8 OA SP6 WP5 WP6 WP7

Host Size (Atoms) 126 144 184 126 125 150 175
Host Repeating Units 7 8 4 6 5 6 7
Host Net Charge 0 0 -8 -12 -10 -12 -14
Guests Binding Host 88 57 31 11 19 40 23

. [-22.15, [-15.81, [-9.37, [-10.87, [-10.16, [-13.14, [-15.73,
Al [RETES (hE2ime) —2.87] -3.49] ~3.73] —-6.76] -3.78] ~4.27) ~4.39)
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Figure 1

showed that the unbound host ensemble exhibited higher
energetic fluctuations and was more difficult to sample accu-
rately [8, 9, 34, 45]. The exact sampling lengths for each
system have been described in our previous studies [34—
36]. The parameters of the molecular simulations included
SHAKE constraints [51, 52] on bonds involving hydrogen, a
2 fs time step, Langevin dynamics for temperature regulation
at 300 K, isotropic scaling, a Monte Carlo barostat for pres-
sure regulation at 1 atm, an 8 A real-space cutoff for non-
bonded interactions, and PME for long-range electrostatics.
The hybrid-precision GPU engine in AMBER [53] was used.

Post-simulation end-point ranking

The end-point estimates of the receptor-acceptor binding
strength were formulated as follows:

AGbinding = Ghost—guest - Ghost - Gguest . (1)

Each free energy term, under a force-field framework with
decomposable components, was further decomposed to:

G =L +E +E 3w+ G — TS

intra-molecular electrostatics vdW solv gas? (2)

where all terms are self-explanatory. The single-trajectory
sampling protocol computed all three terms in Eq. (1) with
configurations extracted from the bound-state ensemble (i.e.,
host-guest complex), thus leading to the exact cancellation of
the intra-molecular energetics, i.e., the first term of Eq. (2).
Consequently, the single-trajectory end-point estimate was
computed as the sum of the inter-molecular electrostatics and
vdW interactions, the solvation contribution from implic-
it-solvent models, and the entropic contributions estimated
with various approximations (e.g., fluctuations of inter-mo-
lecular interactions [54, 55], normal mode [56], or quasi-har-
monic analysis [57]). The three-trajectory sampling protocol
was used to compute the three energetics with cumulative

0 -8 -6 -4
Binding Affinity (kcal/mol)

Distributions of the host-guest binding affinities for each dataset, with the 3D structure of the host target shown in the inset.

configurations from individual ensembles (i.e., the config-
urations from the complex ensemble for G psi_gues the host
structures from the solvated host ensemble for G, . and the
guest structures from the guest-only ensemble for Ggum).
This treatment had a drawback of enhanced energetic fluc-
tuations, thus hindering convergence to a certain uncertainty
level. Consequently, the three-trajectory sampling protocol
required longer sampling than the single-trajectory sampling
protocol. Our recent studies have indicated the promise of the
three-trajectory sampling protocol, which, despite its high
computational costs, significantly outperformed the naive
single-trajectory regime in a series of host-guest datasets
[8,9, 34, 35].

In the xTB implicit solvent calculations, the GFNO,
GFN1, and GFN2 [19] semi-empirical treatments were
combined with analytical polarizable Poisson—Boltzmann
(PB) and generalized Born (GB) [58] implicit solvent
models. In addition, CPCM-X, a recently developed, more
accurate conductor-like polarizable continuum model for
semi-empirical methods, was also included in calculations.
Because CPCM-X [59] is parametrized for the GFN2-
xTB Hamiltonian, for this model, we considered only the
GFN2-xTB/CPCM-X combination. Consequently, the scor-
ing methods based on the xTB implicit-solvent treatment
included seven protocols. We also considered traditional
MM/GBSA estimates for comparison with the xXTB implic-
it-solvent results. For MM/GBSA calculations, we consid-
ered the RESP-GAFF(2) description for solutes (host and
guest molecules) and GBOEC [60, 61] and GB"k? [62] for
implicit solvents (water). Regarding the entropic contribu-
tion, the entropy change was computed with MM/GBHCT
[63, 64] by using the standard normal-mode analysis in the
MM/GBSA regime, whereas in the xXTB implicit-solvent
scenario, the entropic contribution was estimated theoreti-
cally, with the enthalpic term computed with the modified
RRHO regime. Notably, for MM/GBSA calculations, all

4
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snapshots from the simulations were included, whereas for
xTB implicit-solvent calculations, a further subsampling
factor of 30 was used, owing to the increased computa-
tional burden associated with elevating the level of theory.
The post-simulation xTB implicit-solvent calculations were
performed with in-house scripts, whereas the MMPBSA .py
[65] script in AMBER was used for ordinary MM/GBSA
calculations.

Statistical metrics for quality
evaluation

Because the central goal of virtual screening is identifying
and ranking top binders to a given target, we considered
three correlation metrics: the Kendall t [66], predictive
index (PI) [67], and Pearson r. The Kendall ranking coef-
ficient is used to evaluate the consistency of the predicted
rank of binding affinities with respect to the reference
experimental rank, a widely applied correlation metric in
statistical analysis, whereas PI can be considered an altered
version of t considering the difference between exact val-
ues of binding affinities in the experimental reference. Both
metrics are ranking coefficients that quantify the ranking
power of a given method. In contrast, the Pearson correla-
tion coefficient provides a quantitative estimate of the lin-
ear correlation between experimental and computed values
and is considered a metric evaluating the scoring power.
Consequently, these three metrics were used to evaluate
both the ranking and scoring power of a given method.
All three metrics ranged from —1 and 1, and a high-per-
formance predictor was expected to have a positive value
(close to 1).

Although the above statistical estimators can be used to
assess the predictive performance of a method on a specific
target, they do not capture a broader picture across multi-
ple datasets. Although weighted sums of these metrics on
different datasets could be considered, the final outcome
might be substantially influenced by the weighting regime.
Therefore, we introduced top N analysis as a more robust
and statistically reliable approach to evaluate the consistency
and robustness of a given method across multiple targets. We
selected the N = 1 scenario (i.e., top 1 analysis) as an illus-
trative case and explained the numerical details. The top 1
analysis quantified the frequency at which method m was the
top-performing method, defined as

Marget

Niops (m,Metric)= ZI(mTOp,L, =m), )
=1

where the loop was performed over all host-guest datasets
containing e hosts to determine the cumulative host-spe-
cific performance. The best method for the host/target ¢ is
defined as

Mg, =88 Mmax Metric,,, “4)
with the quality metric being the Kendall, PI, or Pearson cor-
relation coefficient. The N, | count/frequency was bounded
by 0 and Preer The generalization of the other top N scenar-
ios was straightforward.

Results and discussion

Entropic contribution at MM and
XTB levels

In end-point free energy calculations with either the tradi-
tional MM/GBSA or more advanced modifications (e.g.,
dielectric-constant variable), the entropic contribution is
often computed with the MM/GBSA-based Hamiltonian,
i.e., MM/GBHCT or gas-phase MM. This approximated
treatment is adopted for several reasons. First, the use of
this approximated treatment is largely driven by the high
computational cost of the normal-mode procedure. If
replacement of the Hamiltonian handling the solute mol-
ecules with another is expected, e.g., from MM to DFTB
(leading to QM/GBSA treatment), the computational cost
of the normal-mode analysis for the same system would
markedly increase. In this case, combining the enthal-
pic component computed with the changed Hamiltonian
with the entropic contribution computed at a given level
appears to be feasible and acceptable. In addition, given
the high cost of the normal-mode analysis, in most cases,
only a small portion of the accumulated simulation snap-
shots (e.g., ~20 configurations or even none) are included
in calculations for protein-ligand and protein-protein
binding. Second, the most important and direct reason
for the frequent application of MM/GBHCT or gas-phase
MM in normal-mode analysis is the limited flexibility of
the mainstream implementation MMPBSA.py [65]. This
AMBER-based program/script merely supports the two
aforementioned levels of theory. In modified end-point
workflows, limiting the level of theory for entropic contri-
bution does not appear to be sufficiently accurate. Third,
the Hamiltonian dependence of the entropy change is often
believed to be small, but the practical influence of such
systematic bias remains unexplored. The combination of
energetics at different levels of theory would introduce
systematic errors, which might be particularly pronounced
for multiscale QM/GBSA and its variants. Therefore, in
the current xTB implicit-solvent investigation, we first
determined the validity of this approximation and quanti-
fied the magnitude of the errors introduced.

We compared the MM-based and GFNO-xTB/GB entropy
estimates in both single- and three-trajectory sampling proto-
cols for all host-guest pairs (Figure 2). Four statistical met-
rics were considered: root-mean-square deviation and mean
absolute deviation for measuring the deviations of absolute
values, and the Kendall t [66] and Pearson r for evaluating the
consistency of the ranks of the two entropy changes and the
linear correlation. The calculation procedure simply involved
placing (MM and xTB-based) entropic contributions into two
columns and using a simple Python script for comparison.
According to error metrics (root-mean-square deviation ~4.5
kcal/mol and mean absolute deviation ~3.5 kcal/mol), the
absolute values of the entropic contribution exhibited notice-
able differences across different levels of theory. However,
according to the large Kendall t ranking coefficient of ~0.6,
the relative sizes of the entropic contributions in different
host-guest pairs were largely consistent. Similarly, the high
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Figure 2 Statistical metrics for evaluating the consistency and deviations between the MM- and xTB-based entropy changes for single-tra-
jectory and three-trajectory sampling protocols. The statistics were computed for all host-guest pairs.

Pearson correlation coefficient of ~0.8 suggested a good lin-
ear correlation between MM- and xTB-based entropic contri-
butions. Overall, whereas the entropy changes after binding,
computed under different Hamiltonians, exhibited correla-
tions, non-negligible discrepancies were observed between
the absolute values of the MM-based normal-mode and the
xTB implicit-solvent estimates. Because the statistical uncer-
tainties of free energy calculations are often expected to be
minimal (e.g., thermal energy kT or chemical accuracy of
1 kcal/mol), and smaller than the Hamiltonian dependence
of the entropic term, the above analyses underscored that
approximating the entropic contribution in modified end-
point procedures with another (e.g., MM/GBHCT or gas-
phase MM) would introduce statistically significant system-
atic biases. This behavior was not limited to the xXTB-based
results but should be generally applicable to other QM/GBSA
methods (e.g., DFTB/GBSA).

Robust xTB implicit-solvent
protocols across host families

We next examined the apparent performance of xXTB implic-
it-solvent methods. The aim of end-point screening is to rank
the strength of binding of different guests to a given host,
and the screening power is often estimated by ranking power
(Kendall t [66] and PI [67]) and scoring power (Pearson r).
The ranking and scoring statistics in all datasets are shown
in Figure S1-S3. The varied end-point parameters included
the inclusion/exclusion of the entropic contribution, the
sampling protocol (single- or three-trajectory), the implic-
it-solvent model (PB, GB, and CPCM-X), and the XTB var-
iants (GFNO-xTB, GEN1-xTB, and GFN2-xTB). Because
our goal was to identify a robust approach that performed

consistently well across most datasets, we did not focus on a
single dataset but instead explored general trends and behav-
iors of the xXTB implicit-solvent treatments.

Notably, given the same Hamiltonian (xTB level,
implicit solvent model, and entropic contribution), the
three-trajectory sampling protocol appeared to perform
consistently better than the frequently used single-tra-
jectory sampling protocol. This behavior under the xTB
implicit-solvent scoring was consistent with our previous
observations in MM-based regimes (MM/GBSA and MM/
PBSA) and other semi-empirical QM/GBSA modifications
[8, 9, 68]. Therefore, the superiority of the three-trajec-
tory regime should be fairly general in end-point screen-
ing. Another interesting observation was the unexpected
underperformance of the GFN2-xTB/CPCM-X scheme.
This Hamiltonian, the most recent parametrization of the
xTB implicit-solvent Hamiltonians, is considered the high-
est-level protocol and has been found to produce more
accurate energetics in several benchmarks [59]. However,
these findings have not led to better screening power for
host-guest complexes, possibly because of the unsuccessful
cancellation of errors from various origins/approximations.

To obtain more general insights from the statistical anal-
yses, we selected the top N methods according to each of
the three correlation coefficients for all host-guest datasets
and generated count maps to identify top-performing meth-
ods that were robust across all host families. The top 3 fre-
quency analyses based on the Kendall t, PI, and Pearson
r are presented in Figure 3. Whereas the best-performing
protocols varied with the statistical metrics, the three-tra-
jectory GEN2-xTB/PB AH regime consistently showed the
best performance in all host-guest datasets. Similar conclu-
sions were reached with the other frequency maps (top 5 in
Figure S4 and top 7 in Figure S5).

X.Wang et al.: DOI: 10.15212/bioi-2025-0071
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Figure 3 Top N analysis with N = 3. The N top-performing methods in each host-guest dataset were extracted, and a frequency analysis was
performed. The most robust technique had the largest number of occurrences in the heatmap. The top 5 and top 7 analyses provided in the

supporting information indicated similar trends.

MM/GBSA vs GFN2-xTB/PB:
practical value of xTB implicit-
solvent postprocessing

The best-performing and most robust xXTB implicit-solvent
protocol was demonstrated to be the three-trajectory GFN2-
xTB/PB AH regime. To illustrate the practical value of using
the xTB implicit-solvent regime in end-point screening,
we compared its performance statistics with those of the
traditional MM/GBSA regime (Figure 4). Across seven
host-guest datasets, the end-point method with the highest
robustness with top 1 counts of ~3 for all three correlation
metrics was the three-trajectory MM/GBOBCSA AG proto-
col. In comparison, the other two protocols, three-trajectory
MM/GB™*2SA AG and three-trajectory GFN2-xTB/PB AH,
each attained a top 1 count of 2. These findings suggested
that the upgraded xTB implicit-solvent treatment, despite
increases in energetic accuracy, unfortunately did not lead
to more robust screening power in host-guest binding. The
end-point protocol that achieved the best error cancellation
and consequently screening accuracy was the three-trajec-
tory MM/GBOBCSA AG regime.

Although the GFN2-xTB/PB AH regime was not the
best or most robust protocol, it demonstrated an interesting
behavior: the targets where the XTB protocol performed best
were often the same cases where MM/GBSA methods failed.
This aspect was particularly evident for the SP6 host, for
which both MM/GBSA-based regimes severely failed. This
performance gap may be attributed to less effective error

cancellation in the MM/GBSA regime compared to the xXTB-
based approach for the MM/GBSA regime, and indicated
that the elevation of the level of theory might be a potentially
useful option in such difficult scenarios. Notably, a similar
observation has also been reported in a publicly accessible
dataset, SAMPLY carboxylated pillararene [69]. In that case,
the three-trajectory DFTB/GBSA regime achieved unex-
pectedly high correlation coefficients when compared to
experimental binding affinities and performed better than
costlier alchemical free energy calculations [8]. Therefore,
although we recommend application of the three-trajectory
MM/GB®BCSA AG regime for host-guest binding in most
cases, the three-trajectory GFN2-xTB/PB AH option is a
recommended alternative that might be applied in difficult
scenarios.

Concluding remarks

Herein, we presented an extensive exploration of the xXTB
implicit-solvent Hamiltonian in end-point free energy calcu-
lation of host-guest binding. Using an unprecedently com-
prehensive test bed containing seven macromolecular hosts
from three commonly used host families (cucurbiturils, OA,
and pillararenes) and more than 250 host-guest pairs with
diverse features, we thoroughly benchmarked all possible
parameter combinations in terms of the sampling protocol
(the commonly used single-trajectory and the less com-
monly applied three-trajectory sampling protocols), xTB
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Figure 4 Comparison between the performance statistics of the traditional MM/GBSA and the GFN2-xTB/PB AH regimes: A) Kendall 1, B)
PI, and C) Pearson r. Magenta circles indicate the best-performing protocol for each dataset.

parametrization (GFNO-xTB, GFNI1-xTB, or GFN2-xTB),

implicit-solvent model (PB, GB, or the latest CPCM-X), and

the method of computing entropic contribution (using the
same theoretical level for both enthalpic and entropic contri-
butions, the MM/GB!CT level default in the commonly used

MMPBSA .py script, or simply neglected). Several conclu-

sions are presented below:

1. Entropic contributions computed with different
Hamiltonians exhibited statistically significant differ-
ences. Therefore, combining the enthalpic contribution
estimated at a selected level with the entropy change at
another level can introduce non-negligible systematic
biases.

2. Among the many xTB implicit-solvent end-point proto-
cols, the parameter combination achieving the highest
screening power across all datasets was the three-trajec-
tory GFN2-xTB/PB AH method.

3. Unfortunately, upgrading the implicit-solvent model to
CPCM-X produced more accurate energetics than PB
and GB in several benchmarks but did not increase the

end-point screening accuracy, possibly because of less
successful error cancellation.

4. Even the best xTB-based option, the three-trajectory
GFN2-xTB/PB AH method, did not achieve better
robustness than the best MM/GBSA regime, three-tra-
jectory MM/GBOBCSA AG. Therefore, in most cases, we
recommend the three-trajectory MM/GBCBCSA AG as
the default option for host-guest screening.

5. Interestingly, in some scenarios, the MM/GBSA-based
techniques severely failed (e.g., SP6 host-guest com-
plexes). In these difficult cases, shifting to the three-tra-
jectory GFN2-xTB/PB AH achieved improvements;
therefore, the xXTB implicit-solvent regime is an alterna-
tive worthy of testing when MM-based techniques fail.

The current work highlighted the potential utility of the xTB
implicit-solvent end-point screening in host-guest systems.
Because of the commonly acknowledged similarities between
host-guest and protein-ligand complexes, these xTB-based
protocols might also be applicable to protein-ligand binding,
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thus providing higher-level protocols in the pool of end-
point free energy tools.
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