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Abstract. The adaptor protein Nck1 involved in the T cell CD3 signaling pathway is a promising
therapeutic target for the treatment of immune system-related diseases. This study established a
multi-layer virtual screening pipeline that integrates compound library generation, molecular docking,
pan-assay inference compounds (PAINS) filtration, and free energy calculation from molecular
dynamics (MD) simulation to design and sequentially identify promising novel small molecule
inhibitors (SMIs) for autoimmune diseases treatment. The compound library consists of 10,149
potential SMIs by performing R group enumeration on a first-in-class SMI of Nck1, AX-024, proven
effective in empirical experimentation. The compounds were first screened using molecular docking
followed by PAINS analysis to narrow down the design pool for higher level computational modeling
and simulations. The remaining compounds were subjected to MD simulations for binding free
energy calculation of the SMI-Nck1 systems, which was used to propose top candidates with stable
binding. For these candidates, extended MD trajectories were produced to reveal structural
mechanics behind their strong performance. Binding mechanism analysis, RMSF profiling, and
evaluation of R-group effects identified promising molecules, such as d6294, that consistently
outperformed the reference AX-024 in simulations. These analyses revealed key interactions with
the Nck1 protein, including salt bridges, cation-1r interactions, and hydrogen bonds, that underpin
their stability and potential effectiveness. Taken together, this study establishes a transferable
pipeline for the in silico design of SMIs and identifies several top candidates with strong potential for
subsequent in vitro validation for the treatment of Nck1-related immune system diseases.

Keywords: small molecule inhibitors (SMIs), molecular docking, molecular dynamics (MD), virtual
screening, in silico design.

1. Introduction

Autoimmune diseases, such as autoimmune thyroid disease or type I diabetes (T1D), include a
large range of disorders characterized by aberrant T cell and B cell reactivity towards normal host
cells or structures.[1-3] The immune system mistakenly attacks normal tissues and results in
progressive tissue or organ damage and eventually physiological dysfunction.[4—6] Although certain
mechanisms group these conditions into a single category, the clinical progressions of different
autoimmune diseases are highly varied.[1, 7] In recent years, efforts have been paid to understand the
onset of these diseases and to develop therapeutics for them.[8] However, to date, curative treatments
for most autoimmune diseases remain unavailable, and patients often depend on long-term
immunosuppressive therapies that are not specific and/or do not fix the root causes of the illness,
while sometimes carrying significant side effects.[5] Other immune system-related diseases like
allergic asthma are also becoming increasing prevalent, affects the lives of many including children,
and often lack definitive cures.[9, 10]

Given the substantial impact of autoimmune diseases on patient health and life quality, researchers
have poured much effort into finding an effective and curative treatment for them.[8] Multiple
therapeutic strategies aimed at modulating the immune system have been investigated, including
immunotherapies targeting T cell-specific markers such as CD3[11, 12], CD4[13, 14], and CDg§[15],
and B cells[16, 17]. For some autoimmune diseases, antigen-specific therapy has also been explored
to induce immune tolerance toward, in the case of T1D, for example, pancreatic B-cell antigens.[18—
20] Collectively, these interventions aim to suppress or modify the autoimmune response responsible
for self-destruction and thus to preserve or restore normal bodily functions like endogenous insulin
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production.[21] A T-cell response to a foreign antigen is initiated when the T cell receptor (TCR)-
CD3 complex recognizes and binds to a peptide antigen presented by antigen-presenting cells
(APCs).[22] Subsequently, the CD3 complex recruits multiple intracellular proteins that are essential
for signal transduction and T cell activation, including Lck[22, 23], ZAP-70[22, 24], and adaptor
proteins such as Nck1[12, 22, 25, 26] and Nck2[22, 27]. In particular, Nck1 has been identified as an
important positive regulator of T cell activation and facilitates the maturation of the immune
synapse.[22] Targeting Nck1 with small molecules to disrupt its interaction with the complex has
been shown to significantly impair T cell activation, highlighting its potential as a therapeutic target
to suppress the autoimmune responses.[28]

In 2016, Borroto et al.[12] reported the discovery of a first-in-class orally available small molecule
inhibitor (SMI), AX-024, that binds to SH3.1 domain of the Nck1 protein and inhibits its interactions
with TCRs. Their in vivo study proved that AX-024 is effective in regulating abnormal immune
responses and showed that AX-024 was effective in alleviating inflammation and allergic asthma in
mice. While debate[29-31] was raised over whether the anti-inflammatory effects of AX-024 are
primarily or exclusively mediated through its interaction with Nckl, emerging evidence[32, 33]
supports the conclusion that AX-024 binds to Nckl and contributes to T cell inhibition through this
mechanism. In 2022, Ramirez et al.[33] supported the existence of effective binding between AX-
024 and the Nck1/CD3 complex using a novel in-house experimental method, observing effective
inhibition rates of 60% and 80% at 1:1 and 6:1 AX-024:GST-SH3.1 ratios, respectively. In this regard,
optimization of the first-in-class AX-024 can potentially bring even higher inhibition rates at low
concentrations, increasing the effectiveness of inhibition and hence aiding the treatment of
autoimmune diseases and conditions.

However, in vitro optimization of such SMIs can be challenging, extremely time-consuming, and
inefficient, especially when screening large libraries of structurally similar compounds without a
strategy for prioritization. With the rise of computer modeling and simulation techniques, molecular
dynamics (MD) serves as a popular tool for computation that offers direct sight of proteins’ behavior
on a molecular level with high accuracy and efficiency and has been proven effective in the design
of SMIs and understanding of their binding mechanisms.[34-36] Molecular docking has also been
widely used for the identification of hit SMIs by docking them into proteins and generating docking
scores for effective selection of molecules from datasets with millions of molecules.[37] These in
silico approaches significantly enhance the time and resource efficiency of SMI development by
enabling the rational design and prioritization of candidate compounds before experimental validation.
It is often standard practice to use molecular docking and MD simulations together as not a selection
process but rather using docking to place the SMI in a roughly correct binding position before moving
on to MD simulations, which can highly enhance the accuracy and efficiency of MD. For example,
when researching the binding and inhibition mode of existing SMIs of influenza hemagglutinin in
2017, Guan et al.[38] used molecular docking before molecular dynamics simulations to find the best
binding position of the small molecule in the binding pocket. While using molecular docking to
provide starting positions for MD, I also employed both docking and MD simulations as screening
methods of different accuracies and drug-likeness and/or false positive filtering (such as PAINS) to
sequentially narrow down a large library of potential small molecules to the best molecules in an
efficient and all-round way, a practice quite commonly used and proven effective in previous
studies.[37, 39, 40] For instance, in 2023, Pathak et al.[41] used multiple layers of selection
combining molecular docking using AutoDock Vina, drug-like properties filtration, and MD
simulations to select top molecules from 97,999 natural compounds that could effectively bind to and
inhibit the porcine epidemic diarrhea virus (PEDV) protease.

In this study, I employed a structure-based design strategy to generate a focused library of 10,149
compounds by permutating three functional groups on the scaffold of the known Nck1-inhibiting AX-
024[12]. I established a high-throughput virtual screening (HTVS) pipeline that includes multiple
layers of “sieving” or selection of the molecules to get down to the best-performing ones among the
10,149 potential SMIs (Figure 1). First, [ used molecular docking to generate the binding poses of the
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library to the Nckl protein pocket and evaluate the scores of the potential SMIs. After applying a
binding score cutoff to ensure a higher density of higher-affinity candidates, pan-assay interference
compounds (PAINS) filters were used to eliminate molecules likely to yield false-positive results or
have undesired harmful side effects in bioassays.[42—44] Subsequently, MD simulations were
conducted to allow the calculation of binding free energies and further refine the ranking of the top
candidates. From the narrowed chemical space, I selected 10 top-performing molecules after
considering both performance and stability, and they were subjected to longer MD simulations and
detailed structural analysis to examine the structure-property relationship and conformational stability
of the protein-ligand complexes. From the screening pipeline, d6294 was identified as the most potent
candidate, with a binding free energy of approximately -39.6 kcal/mol and consistently low ligand
RMSD and RMSF profiles. It was observed that d6294 forms stable dual salt bridges along with
supplementary m-m interactions, resulting in strong and persistent binding to the Nck1 pocket; most
of the top compounds were able to achieve consistently better results than the reference (AX-024).
These compounds are proposed to serve as novel lead SMIs targeting Nck1-mediated T cell activation,
with the aim of identifying the most promising candidates for in vitro testing and guiding further
optimization in future studies.
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Figure 1. Schematic illustration of the multi-layer screening of SMIs for the Nck1 protein

2. Methods

2.1. Library Generation and Preparation

AX-024 is an effective SMI of the Nck1 protein according to empirical evidence first presented
by Borroto et al[12] in 2016. I used its backbone structure (Figure 2) as a scaffold template and
permuted different combinations of the R1, R2, and R3 substituents, including the original functional
groups and similar functional groups I designed to preserve the binding mode of AX-024. Importantly,
all permutations were designed to be chemically accessible, ensuring that the final top molecules are
feasible for synthesis and hence downstream experimental evaluation. In total, I generated a
compound library consisting of 10,149 novel molecules with structural and physicochemical
similarity to AX-024, all of which were considered as potential binder to the Nckl protein. For
tracking purposes, the SMIs were labeled sequentially in the form of d0O1 or dO11 for one- or two-
digit numbers and in the form of d100, d1000, d10000 for three-, four-, and five-digit numbers
respectively. Some indices were skipped because duplicate molecules were removed during library
curation.
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Figure 2. The molecular structure of AX-024 and its scaffold for compound library generation

2.2. Molecular Docking and Drug-Like Screening

The structure of the Nckl protein was obtained from the RCSB PDB database
(https://www.rcsb.org/, code: 2JW4) and curated by removing crystal water molecules and co-
crystallized ligands. A cubic docking grid of 2 nm length was defined and centered at the center of
mass of the residues W41, Q22, K39, and F53, the binding-site residues of Nckl as presented in
Borroto et al., 2016.[12] These residues were specified as flexible during the docking calculations to
permit local conformational adjustments and account for induced-fit effects.

AutoDock Vina[45—-47] was used to perform docking of all designed molecules and AX-024 as
the reference. Since this brute-force docking step served primarily as an initial filter, the
exhaustiveness parameter was set to 8 to balance computational efficiency and adequate
conformational sampling. For each molecule, the lowest docking score was taken as the final docking
score, and the corresponding binding pose was used for subsequent modeling and analysis. Once I
obtained the docking score of the whole library, I applied a cutoff at -7.5 kcal/mol to prioritize the
selected 923 molecules (9.10% of the library) as the top-scoring candidates for further screening and
focused evaluation. This initial pass offers an assessment of binding capability across the entire
library and establishes a baseline to narrow down the chemical space for subsequent filtering and
prioritization. As in my expectations, all designed molecules were able to dock to the binding site of
the Nck1 protein and adopted similar binding conformations.
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Figure 3. a. Distribution of docking scores of the 10,149 potential SMIs, with gray dotted line

marking AX-024 (-6.898 kcal/mol), and area shaded in red marking selected section for further

analysis; b. distribution of docking scores of the 923 SMIs with docking scores under -7.5 kcal/mol

2.3. Pan-Assay Interference Compounds Filtering

Prior to MD simulations for the filtered compounds, I applied the Pan-Assay Interference
Compounds (PAINS) filter implemented in RDKit[42] introduced by Baell and Holloway in their
2010 study[43] to exclude molecules that are considered unfavorable for drug development. From the
analysis, only one PAINS moiety emerged in the subset, anil di _alk C(246) (Figure 4(a)). It
represents a redox-active aniline that is prone to nonspecific covalent or oxidative reactions with
biomolecules such as proteins. Such assay interference motifs can produce false-positive signals in
biochemical assays and/or cause harm to the human body and compromise the reliability and/or
results of downstream drug development efforts.[44] This motif occurred primarily at the R3 position,
and two R-group designs containing this functionality were consequently removed from the library
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(Figure 4(b)). Applying this filter, I obtained 840 compounds for the next layer of selection - MD
simulations to further refine their rankings and select the top candidates.
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Figure 4. (a) The molecular pattern anil di_alk C(246) in the PAINS library, the one that is
identified in my library (left) and an example SMI contains the pattern that was removed (right); (b)
the two R3 structures that are in effect deleted after PAINS filtering

2.4. MD Simulations

Before simulations, the selected small molecules were re-docked into the protein with a higher
exhaustiveness of 128 to obtain more accurate initial binding positions. All MD simulations were
performed using the GROMACS 2024.4 package.[48] The AMBER99SB force field was used for
the protein and the second-generation General AMBER Force Field (GAFF2) was employed for the
ligand atoms using ACPYPE.[49-51] Each protein-ligand complex was placed in a cubic box with a
length of 7 nm and then solvated using the TIP3P water model.[52] Sodium and chloride ions were
added at a concentration of 0.15 M to mimic a physiological ion strength while ensuring charge
neutrality. Energy minimization was carried out using the steepest descent algorithm to remove any
interatomic forces larger than 1000 kJ/mol/nm?, followed by a 200 ps NVT equilibration.
Subsequently, a 20 ns MD simulation was performed in an NPT ensemble to collect samples for free
energy calculation. The leap-frog integrator was employed to integrate Newton’s equations of motion
with a 2 fs time step. The long-range electrostatics were treated with the particle mesh Ewald (PME)
algorithm.[53] A cut-off distance of 1.0 nm was used for van der Waals and short-range electrostatic
interactions. All bonds involving hydrogen atoms were constrained using the LINCS (Linear
Constraint Solver) algorithm.[54] In all stages, the temperature and pressure were maintained at
300K and 1 bar using the a velocity-rescale thermostat and a cell-rescale barostat, respectively.
Energy and simulation trajectories were saved every 100 ps. Through sequential docking and PAINS
filters, the total group was reduced from 10,149 candidates to 840 compounds for MD relaxation and
free energy calculations. Binding free energies were estimated by the molecular mechanics Poisson-
Boltzmann surface area (MM/PBSA) theory in the gmx MMPBSA package from the final 5 ns
simulation consisting of 50 frames.[55, 56] A multiple frame strategy was employed to obtain both
the average values and uncertainties. These calculations were successfully implemented for both the
reference ligand AX-024 and the 840 selected molecules. Both the mean binding energy and its
standard deviation were evaluated to identify SMIs with the most favorable and stable binding
profiles. In addition, the root mean squared deviation (RMSD) was calculated using MDAnalysis
from the trajectories as an additional indicator of the binding stability of ligands to further filter the
molecules.[57, 58] Finally, the final proposed top 10 candidates were subjected to MD simulations
extended to 100 ns to ensure the convergence of the free energy estimation. After extension, I
conducted further examination of the binding poses, RMSD, root mean square fluctuation (RMSF)
and other properties of the top 10 molecules.
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3. Results and Discussion

3.1. AX-024 — Nck1 Complex and Compound Library Construction

Prior to constructing the compound library, I first examined the binding mode and molecular
interactions of AX-024 in the Nckl protein in detail. The bound complex was constructed using
molecular docking with AutoDock Vina which successfully reproduced the reported binding mode
from Borroto's work in 2016[12] (Figure 5(a)). The aromatic R1 substituent of AX-024 forms
extensive m-m stacking with Phe53 and Trp41, and the central phenyl core stacks with Phe53. It
underscores the importance of aromatic contacts in stabilizing the binding of AX-024 to the protein
pocket. The basic amine in the R2 group is protonated and forms a positive charge center which
establishes a strong hydrogen bond with the amide oxygen of GIn20 and a salt bridge with the
carboxylate of Glu23. Moreover, the protonated amine also participates in the formation of cation-n
interactions, which, along with all other favorable interaction modes, constitutes the important
molecular forces that promote the binding of AX-024 onto the Nckl protein pocket. This analysis
suggests that both an aromatic substituent at R1 and a protonatable nitrogen at R2 are preferred
features for productive binding.
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Figure 5. Binding interactions of the AX-024 with the Nck1 protein; (a) 3D structural view
showing the ligand (stick representation) bound to the protein pocket (cartoon structure). The key
residues, K39, W41, F53, E23, Q20, Q22, are labeled and highlighted; (b) 2D interaction diagram

depicting the molecular interactions

Guided by these insights, I constructed my library by enumerating R-group modifications around
the AX-024 scaffold with diverse functional groups while preserving AX-024’s key interaction
features. In this way, the resulting SMIs were expected to retain the general binding mode of AX-
024; meanwhile, the introduced structural diversity could allow for the discovery of changes to the R
groups that allow for the high potency of binding. In the R1 position, I introduced aromatic
substituents that covered a range of ring structures as well as different halogen atoms in place of AX-
024’s fluorine. In the R2 position, I predominantly employed an aliphatic ring with at least one sp?
nitrogen as the basic amine for protonation and promoting hydrogen bonding and/or salt-bridge
formation with residues Q20 and E23. Beyond these motifs, [ added substitutions (e.g., cyclohexanyl
or pyridinyl rings) to further expand the explored chemical space and more precisely resolve the
structure-property relationship by emphasizing the impact of the loss of aforementioned interactions
in the binding mode. Full lists of the R groups are shown in Figures S1-S3. The R groups'
permutations generated a library of 10,149 molecules.
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3.2. Results of Candidate SMlIs

3.2.1. Correlation Between Docking Score and Free Energies

Compared with docking, free energy calculations from MD simulations offer a more reliable
measure of ligand-protein interactions. Using the calculated AG values, I first examined the
correlation between the free energies and the docking scores. Figure 6(a) reflects the distribution of
docking scores and AG’s of the 840 molecules that remained after two layers of selection. The AG
values exhibit significant aggregation around -20 to -15 kcal/mol, while more favorable candidates
are evenly distributed between -20 and -32 kcal/mol. No such aggregation exists for docking scores
(Figure 3(a)). Although no clear direct linear or any other form of a strong simple relation between
docking scores and AG values exists nor does any aggregation of AG and docking scores correlate, I
observe that, apart from a dip at -8.3 kcal/mol that may result from a specific group of molecules
favored in docking not being favored in MD, lower docking score groups generally correspond to
lower average free energies (see Figure 6(b)), indicating that they generally contain more favorable
candidates compared to the weaker SMIs clustering near -17 kcal/mol. These results prove that
docking score is still a relevant parameter and remains practical for prioritizing well-performing SMIs
when computational power is limited. Hence, as illustrated in Figure 6(b), selecting candidates with
lower scores generally improves the likelihood of identifying effective SMIs and enhances the
efficiency of the selection process.
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Figure 6. (a) Scatter of all the docking scores and AG pairs; (b) Relationship of score interval and
average AG of SMIs in that docking score interval
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3.2.2. Top 10 Candidates and Ligand Stability
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Figure 7. The chemical structures of the top 10 molecules with the lowest binding free energy from
20 ns MD simulations; AX-024 is listed as well as reference

To further analyze the outcomes of the screening of this stage, I selected the top ten molecules
with the lowest predicted binding free energies after excluding all molecules with a AG standard
deviation greater than 5 kcal/mol (structures presented in Figure 7). Among the top candidates,
halogen substituents positioned on distal positions on aromatic rings relative to the core in the R1
group are observed frequently. To my anticipation, all candidates incorporate basic amines at the R2
position which enables favorable cation-n or hydrogen-bonding interactions with the Nck1 binding
pocket. Consistent with these structural features, all top molecules exhibited highly favorable binding
free energies, with several candidates such as d6294 bettering AX-024 by as much as 20 kcal/mol.

Next, I extracted RMSD profiles of the top ligands from the simulation trajectories to compare
their conformation flexibility (Figure 8(a)). RMSDs were calculated excluding the initial 5 ns to allow
each SMI to relax into the binding pocket from the approximate pose suggested by AutoDock Vina.
Since the Nck1 binding pocket is located on the protein surface (see Figure 5(a)), SMIs bound in this
region may exhibit high mobility, leading to comparatively elevated RMSD values. Nevertheless, the
selected 10 SMIs display relatively low average RMSDs values lower than 8 A, with a list of
molecules possessing values lower than 4 A, indicating stable binding of the ligands (Figure 8(b)).
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Figure 8. (a) RMSD profiles of the top 10 molecules in the 20 ns time period. b. Average RMSD
values of the top 10 molecules; (¢) Standard deviation of AG in the 200 frames used to calculate
free energies by gmx MMPBSA for the 840 SMIs; (d) Standard deviation of AG of the top 10
molecules

A closer examination of their AG standard deviations further supports their stability. Figure 8(c)
shows that the vast majority of the candidates exhibit relatively low standard deviations, indicating
that most of the molecules adopt stable binding poses in the binding pocket and that the obtained
binding energies are reliable reflecting physical interactions rather than transient fluctuations.
Notably, while compound d10116 shows a AG standard deviation slightly above 4 kcal/mol, near the
upper acceptable limit, its consistently low RMSD across the simulation suggests that it remains a
reliable candidate among the top SMIs (Figure 8(d)). By ranking the SMIs using AG values and
excluding those with a AG standard deviation greater than 5 kcal/mol, these top 10 candidates with
the lowest binding free energies passed the filtering and were retained to extended MD simulations
to further refine the results and analyze the binding interactions.

3.3. Extended Analysis of Top Molecules

After extending the MD simulations to 100 ns, I recalculated AG values and standard deviations
for the top 10 molecules using 50 frames from the final 5 ns of the trajectories, thereby ensuring a
fair comparison of uncertainties. For the majority of the candidates, the AG values decreased
compared to those from the 20 ns simulations (Figure 9(a)). Standard deviations in the free energy
measure also declined, especially for compounds that initially displayed high uncertainties (>3
kcal/mol) (Figure 9(b)). These reflected reduced temporary fluctuations and stabilized binding poses
over longer timescales. Importantly, several candidate molecules, including d6294, d2361, d10002,
d4091, and d8207, showed consistent AG values across both 20 ns and 100 ns simulations,
underscoring their reliability as potent binders to Nck1. Ligand RMSD values increased slightly in
general but remained within a stable range, confirming their persistent binding within the protein
pocket (Figure 9(c)). Collectively, these results identify a subset of molecules with converged
favorable AG values and low uncertainties, supporting their status as the most promising SMIs from
my library for subsequent experimental validation.
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Figure 9. Comparison of AG ((a)), AG’s standard deviation ((b)), and average RMSD ((c))
calculated for top molecules from 20 ns and in 100 ns MD simulations

I next sought to analyze the binding poses of the top molecules and understand the molecular
forces that led to their stable binding to the Nckl protein pocket. Among the three substituent
positions, the R2 group shows the most interesting and influential-to-results features with all top
candidates incorporating one of the three R2 motifs highlighted in Figure 10, which strongly suggests
their central role in driving favorable binding interactions. By contrast, no clear preference is
observed for the R3 group, particularly since the aniline-like moiety was excluded as a PAINS
liability. The R1 groups, however, consistently feature a para-halogen atom on a six-membered
aromatic ring or a halogen not adjacent to the core on a five-membered one, a recurring motif that is
also present in the reference compound AX-024. Collectively, these structural patterns point to
common binding mechanisms among the highest-ranking molecules.
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Figure 10. The three R2 groups observed in the top candidates

Candidates d6294, d2464, d10116, and d2175 adopt the R2 group shown in Figure 10(a)
(molecules with this group may be referred to as Group A from now on). Looking at the diagram of
the binding interactions of d6294 (Figure 11(a)), the SMI with the lowest AG scores among Group A
SMIs and also all SMIs, it is observed that both nitrogen atoms in R2 are protonated and form two
strong salt bridges with the negatively charged carboxylic acid group on E23. This results in
substantially stronger binding within the pocket for Group A molecules compared to the single salt
bridge observed in AX-024 (Figure 5(b)). Although AX-024 also engages in hydrogen bonding and
cation-m interactions, the presence of an additional salt bridge can provide a stronger stabilizing force,
as salt bridges involve direct electrostatic attraction between fully charged groups, whereas hydrogen
bonds and cation-m interactions rely on partial or delocalized charges that typically contribute less to
binding energy. The positioning of the two sp* nitrogens is also constrained: if they were separated
by either two or zero carbon atoms on the ring, their hydrogens would point towards opposite
directions, weakening or even eliminating one of the salt bridges and thereby resulting in weaker
binding to the pocket. This is supported by the observations that adjacent sp* nitrogens in the R2
group show reduced basicity (Figure S4) and protonation and that no structure with sp3 nitrogen
atoms separated by two carbon atoms showed up in the filtered molecules from the previous screen.
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Figure 11. Diagram of binding of Nck1 with SMIs d6294 ((a)), d4091 ((b)), and d2361 ((c)),
generated using Maestro Viewer[59]

Candidates d8027, d115, d4094, and d4091 share the R2 group shown in Figure 10(b) (Group B);
meanwhile, d10002 and d2361 share the R2 group in shown Figure 10(c) (Group C). Both of these
R2 groups feature a nitrogen at the neighboring position to the carbon connecting to the scaffold. In
Figure 11(b) (d4091, lowest AG from 100 ns simulation in group B) and Figure 11(c) (d2361, lowest
AG from 100 ns simulation in group C), I observe that due to this similarly positioned basic amine,
both groups can feature on the two hydrogens on the nitrogen a salt bridge with E23, hydrogen
bonding with amine on Q20, and cation-w interactions with W41’s aromatic system (Figure 11(b)(c)).
Comparing groups B and C, while both d10002 and d2361 feature all three different kinds of
interactions (salt bridge, cation-mt, hydrogen bonding), none of the Group B SMIs feature all three of
them apart from d4091, possibly because the larger size of the six-membered piperidine ring (Figure
10(b)) compared with the five-membered pyrrolidine ring (Figure 10(c)) makes the former form
stronger steric hindrance and blocks off certain amino acids from binding with the hydrogens on the
protonated nitrogen. This also results in consistently better performance in AG scores in group C
SMIs compared to group B in Figure 9(a). Nonetheless, most molecules in both Groups B and C
outperform AX-024, in some cases by large margins, despite relying on similar types of
intermolecular forces. Their advantage may be attributed to the presence of two hydrogens on the
secondary amine, compared to only one in AX-024. The additional hydrogen may provide an extra
hydrogen-bond donor to enable stronger or more versatile binding angles with other functional groups
in the protein pocket. As a result, the intermolecular forces in Groups B and C reach binding energies
that, while slightly weaker, approach those of the dual salt bridges observed in Group A.

3.4. Large Scale Analysis of Structure-Property Relationship

The relative stability of different structural regions within the top candidates can be assessed
through the RMSF profiles of the ten SMIs (Figure S5). In general, all the ligands exhibit stable
binding and low RMSF values of less than 2 A for all heavy atoms; the core scaffold and the R1
substituents usually show the lowest fluctuations, indicating their relatively rigid conformation and
stable binding throughout the simulations. This stability is consistent with their position in the Nck1
binding pocket, where they form nonchanging hydrophobic interactions and potential n-n stacking
with residues. The R2 groups, however, display more heterogeneous behavior. In molecules such as
d6294, d2464, d10116, d2175, and d4094, R2 atoms exhibit comparatively more pronounced
flexibility, whereas in the remaining five candidates they are more restrained. These differences
suggest that the R2 group plays a context-dependent role, either contributing to stable binding through
specific contacts or remaining more mobile when solvent-exposed, a behavior that may also be
influenced by local flexibility within the protein pocket.

The R3 groups show the highest RMSF values and greater fluctuations than either the core or other
substituents. This is likely due to their partial or complete exposure to the solvent in most cases
(Figure 11), which leaves them more susceptible to interactions with surrounding solvent molecules
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of random orientation and collisions. Finally, a distinctive feature is observed in Group A molecules
(Figure 10(a)), where the R2 groups are relatively unstable compared to Group B and C molecules,
as shown by the slightly elevated RMSF values. This instability suggests that, although the dual amine
R2 groups in Group A molecules form strong electrostatic salt bridges, their charged and solvent-
exposed nature leaves them less structurally restrained, resulting in elevated flexibility that may
influence overall binding dynamics.

To better understand how chemical substituents shape binding affinity, I next aimed to recover
correlations between AG values and the specific chemistries of the R groups. Figure 12 provides an
overview of how different R groups influence the performance of the SMIs. In general, the average
AG values associated with R1 and R3 groups show less variation than those for R2 groups. For
example, the R2 group with Simplified Molecular Input Line Entry System (SMILES)[60-62]
representation CICNC(C[*:2])C1 (as in Figure 10(b)), which corresponds to the lowest (best) AG
distribution among all R2 groups, achieves an average AG of -28.00 kcal/mol and a median of -30.91
kcal/mol. These values are substantially lower than the overall averages across all molecules (-19.17
kcal/mol and -17.23 kcal/mol, respectively). By contrast, the best-performing R1 and R3 groups only
reach average/median AG values of -21.98/-19.25 kcal/mol and -20.64/-18.43 kcal/mol, respectively.
This reinforces the observation that among the three substituent positions, the R2 group exerts the
greatest influence on improving the predicted effectiveness of SMIs.
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Figure 12. Violin plots showing the distribution of AG values of SMIs grouped according to the
identity of R1 ((a)), R2 ((b)) and R3 ((c)) groups

Having established that the R2 group has the strongest influence on binding affinity, I next
examined how specific physicochemical properties of R groups affect SMI performance (Figure 13).
In R1, six-membered aromatic rings are slightly more favored over five-membered ones (Figure
13(a)), possibly due to their larger m systems and the increased distance they provide between the
halogen substituent and the core. This trend is consistent with the pattern in Figure 13(b), where
halogens positioned farther from the core are preferred over those directly adjacent to it. Both Figure
13(b) and Figure 13(c) further supports the observation that incorporating a halogen at R1 improves
binding relative to unsubstituted rings. Among halogens, MD simulations indicate a preference for
heavier atoms such as Br over Cl over F, which is likely due to their greater polarizability and ability
to engage in hydrophobic interactions within the protein pocket. In contrast to R1 groups, R2 groups
display a strong preference for five-membered rings over six-membered rings (Figure 13(d)) and it
may arise from steric hindrance imposed by larger rings, as discussed previously for Groups B and C
top candidates. Additional trends emerge when considering heteroatom content in the ring structure:

131



SMIs with two nitrogens in their R2 substituents consistently outperform those with a single nitrogen,
which in turn show better performance than R2 groups lacking basic amines altogether (Figure 13(e)).
Finally, R3 substituents show relatively minor effects on binding, with AG values being similar for
groups containing oxygen versus fluorine (Figure 13(f)).
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Figure 13. Violin plots of predicted binding free energies (AG) for SMIs grouped by R-group
characteristics: (a) R1 ring size (five- vs six-membered), (b) R1 halogen position in five-membered
rings (neighboring vs far vs none), (c) R1 halogen type (F, Cl, Br, none), (d) R2 ring size (five- vs

six-membered), (¢) number of nitrogen atoms in R2 (two, one, none), and (f) R3 substituents
containing fluorine versus oxygen

4. Conclusion

In conclusion, this study successfully demonstrated the implementation of a multi-layer in silico
workflow for the design, screening, and identification of SMIs with potential application to
autoimmune diseases such as T1D. Starting from a library of 10,149 molecules generated through R-
group enumeration of the experimentally validated SMI AX-024[30], I progressively narrowed down
candidates through multiple filtering steps, including docking score evaluation, PAINS analysis, and
MD-based binding free energy calculations. Most importantly, this screening workflow enabled the
discovery of novel top-performing molecules with strong binding potential to Nck1 protein and the
large-scale structural analysis for design rules for further drug design and optimization.

My analysis of both the top candidates and the full set of MD-simulated molecules provides
valuable insight into the design and optimization of small molecules targeting Nckl1. In particular,
modifications to the R2 group introduced during the enumeration process emerged as a major driver
of improved binding. Shifting the nitrogen atom to neighboring positions on the ring relative to its
placement in AX-024, reducing the ring size to five members, and/or incorporating an additional
nitrogen one atom apart were found to markedly enhance predicted binding affinity, as reflected by
large improvements in binding free energy. Notably, candidates such as d6294, which incorporate
such features, consistently outperformed AX-024 by significant margins in simulations. At the same
time, the analysis also confirmed certain favorable structural characteristics of AX-024, such as the
stabilizing contribution of its six-membered benzene ring. Together, these findings highlight both
opportunities for structural innovation and the retained value of established design elements.

This work not only highlights a set of high-potential SMIs for synthesis and in vitro
experimentation but also validates the multi-layered computational workflow featured as a broadly
transferable strategy for drug design in other contexts. The top-performing candidates identified in
this study stand out as promising leads for the development of next-generation therapeutics targeting
autoimmune diseases related to the Nck1-CD3 signaling complex. Looking ahead, expanding the
accessible chemical space through the generation of larger libraries, potentially accelerated by
machine learning-guided molecular design[63], and incorporating enhanced sampling techniques|[64]
to obtain free energy estimates with higher accuracy, will enhance the precision of candidate selection.
Together, these advances will not only enable the delivery of the most effective SMIs for in vitro
validation but also pave the way for translation into in vivo studies, ultimately contributing to the
development of more effective treatments for autoimmune and immune-related diseases.
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