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Highlights: 

 γ-secretase modulators may treat Alzheimer’s disease, but the action is unknown 

 Via computer modeling we found potential modulator binding sites in γ-secretase 

 Pyridopyrazine-1,6-diones bind site 4, between C83 and PS1-TM2 and TM5 

 Hydrophobicity and size are important descriptors of drug potency (pIC50) 

 Our models may substantially improve rational design of related drugs 
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Abstract 

Selective control over Aβ production via γ-secretase modulators (GSM) is a promising strategy for 

treating Alzheimer’s disease, yet the specific binding sites and mechanism of action of GSMs 

remain unknown. Using the recent cryo-electron microscopy structures of substrate-bound γ-

secretase we used two distinct methods to identify four potential binding sites for pyridopyrazine-

1,6-dione GSMs. We demonstrate binding to site 4 formed between PS1-TM2, PS1-TM5 and the 

APP-C83-TM, with experimental activity data correlating significantly (95% confidence) with our 

computed binding-affinities for this site. Charged protonated GSMs may display higher affinities 

because of π-cation interaction with the polar residue Tyr115 of PS1-NTF. Surprisingly, the pIC50 

of these compounds is largely described (R
2
 > 0.4 for all of these) by the molecular size, 

hydrophobicity, and polarizability. We thus believe that we have identified the primary modulator 

binding site in γ-secretase for these compounds, as well as strong descriptors of GSM potency.  Our 

results are consistent with the FIST model of γ-secretase action and suggest that GSMs work in two 

ways: The binding affinity itself contributes stability to the ternary enzyme-modulator-substrate 

complex (tight grabbing), thus preventing early release of the substrate and increasing trimming to 

shorter, innocent Aβ peptides. At the same time, drug size, hydrophobicity, and polarizability 

stabilize the more compact semi-open state over the open PS1 state, to make cleavage more precise 

and complete.  

 

Keywords: γ-secretase; modulators; Alzheimer’s disease; drug discovery, binding site.   
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1. Introduction 

Alzheimer’s disease (AD) is the main form of dementia and is suffered by more than 30 million 

people worldwide (Blennow et al., 2015; Dartigues, 2009; Holtzman et al., 2011; Nichols et al., 

2019; Prince et al., 2013). Its prevalence increases rapidly with age (Prince et al., 2016). New AD 

therapies are urgently required as there is currently no effective cure (Hall, 2018). Part of the 

difficulty relates to the fact that AD is a complex multifactorial disease with a diverse clinical 

presentation involving inflammation (Vilalta and Brown, 2018; Zhang and Jiang, 2015), metabolic 

abnormalities (Hassing et al., 2009; Kepp, 2019; Razay et al., 2006), β-amyloid (Aβ) deposition 

(Masters et al., 1981; Selkoe and Hardy, 2016; Tanzi and Bertram, 2005), tau phosphorylation 

(Augustinack et al., 2002; Avila, 2006; Bramblett et al., 1993) and imbalances in calcium 

(Bezprozvanny and Mattson, 2008; Khachaturian, 1987) and other metal ions (Carreiras et al., 

2013; Iqbal and Grundke-Iqbal, 2010; Kepp, 2012; Kepp and Squitti, 2019; Morris et al., 2014).  

The leading causal hypothesis from a drug discovery point of view has been the amyloid 

hypothesis (Hardy and Higgins, 1992; Kepp, 2017; Selkoe and Hardy, 2016; Tanzi and Bertram, 

2005). Aβ is formed by the action of the intramembrane di-aspartyl protease complex γ-secretase 

(De Strooper et al., 2012), which consists of the subunits nicastrin, presenilin, anterior pharynx-

defective-1, presenilin enhancer-2 (PEN2) subunits. Presenilin (PS1 or PS2) is the catalytic subunit, 

which processes the substrate into smaller peptides (Haapasalo and Kovacs, 2011). β-amyloid 

precursor protein (APP) is first cleaved by β-secretase, producing the 99-residue C-terminal 

fragment of APP (APP-C99), which is then processed by γ-secretase into smaller Aβ peptides of 

variable length (Hardy and Higgins, 1992; Takami et al., 2009; Zhang et al., 2011). The longer 

peptides (Aβ42 and Aβ43) are more hydrophobic and more prone to aggregation than the shorter 

peptides (Aβ38 and Aβ40) (Bolduc et al., 2016; Fukumori et al., 2010; Golde et al., 1992; Steiner et 

al., 2018; Tiwari and Kepp, 2016).  

Accordingly, understanding and controlling γ-secretase production of these different peptides is 

a main priority, and many pharmaceutical companies, including Neurogenetics, Eisai, Pfizer, 

Merck, Bristol-Myers Squibb, Janssen, Satori, Roche (Bursavich et al., 2016), work to this end. The 

molecules should bind to γ-secretase and change the relative production of the various forms of Aβ, 

rather than strictly inhibiting the enzyme activity, which produces side-effects such as impaired 

cleavage of Notch, one of the many other substrates of γ-secretase (De Strooper and Chávez 

Gutiérrez, 2015; Extance, 2010; Golde et al., 2013; Hopkins, 2011; Imbimbo and Giardina, 2011; 

Sambamurti et al., 2011; Wolfe, 2012). Such molecules that modulate APP-C99 cleavage towards 

the formation of shorter Aβ peptides such as Aβ40 are called  γ-secretase modulators (GSMs) (Cai et 
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al., 2017; Crump et al., 2013; Golde et al., 2013; Johnson and Pettersson, 2017; Oehlrich et al., 

2011, 2010; Kevin D. Rynearson et al., 2016; Tate et al., 2012; Wolfe, 2012). Higher enzyme 

activity tends to correlate with a lower ratio of long vs. short Aβ, most notably Aβ42/Aβ40 (Sun et 

al., 2017), raising the question whether fAD is a loss-of-function disease (Kepp, 2016; Shen and 

Kelleher, 2007). Regardless of the exact aetiology, the Aβ42/Aβ40 ratio seems to correlate with the 

clinical severity of fAD in mutant carriers (Duering et al., 2005; Kumar-Singh et al., 2006; Tang 

and Kepp, 2018), implying the centrality of γ-secretase (or presenilin) function. 

GSMs of several classes of compounds have been developed, including carboxylic acids, 

alkenyl, anilines and some larger natural products (Bursavich et al., 2016; Crump et al., 2013; 

Golde et al., 2013; Johnson and Pettersson, 2017; Kevin D Rynearson et al., 2016; Kevin D. 

Rynearson et al., 2016; Wolfe, 2012). We performed a literature search of recent GSMs and 

identified more than 600 unique modulators, including 115 triterpenes, 60 fused oxadiazines, 190 

di-and triazoles, 30 piperidines, 40 carbazoles and fenofibrates, and more than hundred other 

heterocycles; in addition, several patented compounds exhibit nanomolar activities. Researchers 

from Pfizer (Pettersson group) developed a series of pyridopyrazine-1,6-dione compounds and 

evaluated their inhibitory activities (IC50) for Aβ42 production (Bursavich et al., 2016; Pettersson et 

al., 2015a, 2015b, 2014). The resulting GSMs are highly potent and feature IC50 values in the 

nanomolar range. Photoaffinity studies indicate that these compounds preferably bind to the N-

terminal fragment (NTF) of PS1 (Pettersson et al., 2015a, 2014). However, the exact binding site, or 

the variations in active sites, and the mechanism of function of these compounds remains unknown.  

Several reports suggest that the modulators bind to some of the transmembrane domains (TM) 

of γ-secretase (Crump et al., 2013, 2011; Ohki et al., 2011; Takeo et al., 2014). Phenylpiperidine-

type modulators (piperidine acetic acid GSM-1) have been suggested to target the C-terminal side 

of TM1 (extracellular/luminal) of PS1, causing conformational changes towards the cytoplasmic 

side of PS1 (Ohki et al., 2011). These acid-based GSMs were also suggested to possibly bind PS1 

in the absence of substrate (Crump et al., 2011). In contrast, Uemura et al. reported GSMs that bind 

after the substrate site is occupied (Uemura et al., 2010). This raises an important question – 

whether true modulators should bind the apo- or holo-state of γ-secretase, or whether both is 

possible. If they bind to the apo-state, they risk blocking substrate binding competitively, thus 

effectively working as inhibitors, which will show up as a lowering of both Aβ42 and Aβ40 in assays. 

If only Aβ42 is monitored, this possibility is not tested for. Importantly, a typical hypomorphic fAD 

PS1 phenotype is characterized by lower enzyme activity, less production of both pathways, and 

increased Aβ42/Aβ40 ratios (Sun et al., 2017; Tang and Kepp, 2018). In contrast, binding to the holo-
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state, when C99 is already bound, enables modulation of the activity that changes both qualitatively 

and quantitatively the Aβ production.  

Both nonsteroidal anti-inflammatory drugs (NSAID) derived carboxylic acid-GSMs and non-

acid heterocyclic GSMs specifically target presenilin (Crump et al., 2013). However, these two 

types have distinct preferences for binding sites. They mainly bind to the PS1-NTF (acids, 

imidazoles) (Crump et al., 2011; Ebke et al., 2011; Jumpertz et al., 2012; Ohki et al., 2011; 

Pozdnyakov et al., 2013) with a few (NGP-555 modulator; imidazole) also have a high preference 

for PEN2 than PS1-NTF (Crump et al., 2013; Kounnas et al., 2010). The N-terminal of PEN2, 

which forms direct contacts with TM4 of PS1 (Watanabe et al., 2005), is reported to modulate PS1 

conformation and Aβ42 formation (Isoo et al., 2007; Uemura et al., 2009). Ebke et al. reported that 

GSMs of diverse structural classes differentially compete in binding and suggested that multiple 

GSM sites were present (Ebke et al., 2011). In another study, Petit et al. suggested that the 

extracellular interface between γ-secretase (PS1, nicastrin) and substrate forms the main GSM 

binding site (Petit et al., 2019).    

Taken together, these studies suggest that different GSM binding sites may be present in γ-

secretase, depending on the nature of the compound, which would greatly complicate the rational 

development of these drugs. Still, the main hotspots appear to be the PS1-NTF, and the interfaces 

between PEN2 and PS1-TM4 and PS1/nicastrin and C99. Understanding the molecular details and 

relevance of these various sites is a central requirement for progress in the area and is the aim of the 

present paper. 

Guiding our study, we consider the model of γ-secretase activity known as the Fit-(Induce)-

Stay-Trim (FIST) model (Somavarapu and Kepp, 2017, 2016; Tang et al., 2018), which states that 

PS1 of γ-secretase acts as a fist with two conformation states: A semi-open conformation with 

maximal fitting and affinity of the substrate, maximal staying time, and more precise and extended 

trimming to shorter Aβ peptides (strong “grabbing” by the “fist”, whose main “fingers” are TM2, 

TM3, TM6, and TM9 of PS1), and an open conformation with less accurate fitting leading to two 

pathways of cleavage, lower affinity, less staying time, less overall enzyme activity, and increased 

Aβ42/Aβ40 ratios, i.e. weaker grabbing by the “fist”. PS1 fAD mutations reduce the hydrophobic 

compactness and stability of the enzyme-substrate complex thus favouring the open conformation 

(Mehra and Kepp, 2019; Somavarapu and Kepp, 2016; Tang et al., 2019) which can explain the 

assay data (lower activity, higher Aβ42/Aβ40 ratios) for most of these mutants (Sun et al., 2017). In 

contrast, we postulate that efficient GSMs should work to favour the semi-open, more compact 

innocent state (tight grabbing), thereby favouring precise and maximal trimming to shorter Aβ 
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peptides (Tang et al., 2018). Simulations of substrate-bound γ-secretase with both PS1 and PS2 

support the presence of these two states when C99 or C83 is bound (Dehury et al., 2019b, 2019a; 

Mehra et al., 2020). 

 In the present study, we performed molecular modelling studies using the data for the 

pyridopyrazine-1,6-dione compounds from Pfizer as a basis, with the aim of identifying both the 

exact binding sites and the mechanism of action. We screened for potential binding sites, performed 

molecular docking, MMGBSA computations for the binding affinities, physiochemical property 

analysis and pharmacophore model constructions. We identified a significant semi-quantitative 

correlation between the experimental pIC50 and the MMGBSA binding affinities at one particular 

site in the protein, referred to as “site 4”, with other potential sites not showing correlation, 

indicating that we have identified the real binding site for these compounds. More importantly, 

several common molecular properties relating mainly to compound size correlated significantly 

with both binding affinities and experimental pIC50 values, and the hydrophobicity was shown to be 

an important property governing an increase in the activity and binding of these GSMs.           
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2. Methods 

 

2.1 Experimental dataset 

 In the process of understanding GSMs, there are many data to choose from, and picking the 

right data for the problem is a major concern since some of these data are noisy and reflect high 

chemical diversity, which increases the risk of extra-protein effects in the assays. We mainly 

emphasized 1) a critical mass of data points; 2) chemical similarity of the compounds; 3) multiple 

data from the same lab to reduce noise; 4) large spread in compound potency, statistically required 

for quantifying the modulation; 5) high quality of the compound characterization and assay.  

We have previously used a very chemically diverse data set to model GSM activity, finding 

that generic properties relating to overall binding affinity and engagement of the protein’s hydrogen 

bonds related to potency, although noise is substantial across diverse compound groups (Tang et al., 

2018). Here, we used an alternative strategy of minimal chemical diversity, using the data for 

pyridopyrazine-1,6-dione derivatives produced by researchers from Pfizer, who synthesized these 

compounds and evaluated the IC50 values for Aβ42 production (Bursavich et al., 2016; Pettersson et 

al., 2015a, 2015b, 2014). The IC50 values were expressed on a logarithmic scale (pIC50) for 

comparison to the energies computed below. The dataset consists of 51 compounds and is presented 

in Table S1.  

 

2.2 Protein model construction 

As explained in the introduction, we emphasize a mechanism of modulation of the cleavage of 

the bound substrate. This requires knowledge of the substrate-bound protein structure, which has 

only been available since January 2019 (Zhou et al., 2019). Accordingly, the experimental 

cryogenic electron microscopy (cryo-EM) structure of γ-secretase with PDB code 6IYC was used 

(Zhou et al., 2019). With an average resolution of 2.6 Å, it is suited well for the pyridopyrazine-1,6-

dione dataset since these modulators bind to the PS1-NTF (Pettersson et al., 2015a), and all the 

transmembrane (TM) helices of this part of the protein are present in the structure. 6IYC contains 

the transmembrane segment of the substrate APP-C83 (an analogue of APP-C99) and two 

mutations in PS1 (Q112C and D385A), required for cysteine crosslinking and to prevent enzyme 

turnover during data collection. To describe modulation of the wild type protein, we, therefore, 

converted 6IYC into a wild-type by mutating back these two residues (an additional mutation in 

C83 is not resolved in the structure and was thus not converted).  
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The protein was prepared for modelling using the Protein Preparation Wizard of the 

Schrodinger software (Protein Preparation Wizard, 2018). Hydrogen atoms and missing side chains 

were added. The protonation states of the residues were assigned at pH 7. All hydrogen bonds were 

then geometry-optimized and local minimization of the protein complex was performed with a 

heavy atom RMSD of 0.3 Å using the OPLS3e force field (Roos et al., 2019).  

 

2.3 Binding site analysis 

In order to identify the possible binding sites within the γ-secretase-substrate complex, two 

different tools were used; FTMAP hotspot server (Kozakov et al., 2015) and SiteMap (Halgren, 

2009). The identified binding cavities in the transmembrane region were then selected for further 

analysis. FTMAP docks a fragment library on the potential binding sites on protein and ranks the 

binding site hotspots based on the fragment binding. SiteMap, on the other hand, uses an approach 

of finding the cavity regions based on the solvent-accessible surface. It then characterizes the sites 

in terms of hydrophobic and hydrophilic regions. The hydrophilic regions are subcategorized into 

hydrogen bond acceptor and donor surfaces. We identified potential binding sites in γ-secretase 

specifically focusing on the subunits involving PS1 (chain B), PEN2 (chain D) and C83 (chain E) 

because the literature reports demonstrate the involvement of these subunits in modulator binding 

(Crump et al., 2013, 2011; Ohki et al., 2011; Pettersson et al., 2015a; Takeo et al., 2014). 

 

2.4 Ligand models 

The ligand dataset of the 51 pyridopyrazine-1,6-dione analogues was prepared using the 

OPLS3e force field in LigPrep (LigPrep, 2018). The possible protonation states were made to 

reflect pH 7±2 using Ionizer, and stereoisomers were generated while retaining the specific 

chiralities. This resulted in 122 ligands when accounting for distinct protonation states and 

stereoisomers (all final 122 ligands are listed in Table S1). For every compound, one neutral and 

one protonated state with a charge of +1 was produced with protonated nitrogen on the imidazole. 

For compounds 20, 21 and 22 (see Table S1), two additional states were generated: One with a 

charge of +1 with trifluoromethylpyridine nitrogen protonated and one with charge +2 with both 

trifluoromethylpyridine and the imidazole nitrogen protonated. For compound 78, eight 

stereoisomers and eight +1 states with protonation on imidazole nitrogen were created, to account 

for all possible variations of this compound. 
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2.5 Molecular docking and MMGBSA computations 

In order to analyze the potential sites in terms of modulator binding, we generated 3D grids 

with a minimum of 30 Å
3
 (the volume of a water molecule) up to the default size within the four 

predicted sites. For sites 1, 2, 3 and 4, the grid sizes were 30, 47, 32 and 30 Å
3
. All the 122 prepared 

ligands were docked onto these four sites using both SP and XP scoring function of Glide (Halgren 

et al., 2004). To check whether the modulators bind well in the identified sites, we also docked 

another dataset of 1000 drug-like decoys from Schrodinger Inc. having an average molecular weight 

of 400 g/mol (Friesner et al., 2004; Halgren et al., 2004). The average weight of the active 

compounds (51 pyridopyrazine-1,6-diones) was 452 g/mol. Since molecular size/mass may affect 

affinity (as in fact shown below also in our case), it is important that the decoys are chemically 

diverse and resemble in size the active compounds. In our case, the sets differ by only 50 g/mol, 

which is not significant.  

The docked SP and XP poses were subjected to MMGBSA calculations (Rastelli et al., 2010) 

using both 0 Å and 4 Å protein flexibilities around the ligand poses, to test sensitivity to protein 

relaxation in the pockets. We did not use higher flexibilities because earlier observations indicate 

that MMGBSA-binding affinities correlate highest at low flexibilities, because the experimental 

protein structure needs to be largely preserved, while still enabling minor relief of steric clashes 

near the ligands (Mehra et al., 2018b, 2018a).  

In order to account for the membrane environment, which is present in the real system (not 

cryo-EM structure, which represents a sample on a film), MMGBSA was also performed both with 

and without an implicit membrane model for the protein. The membrane dimensions were defined 

using the OPM-PPM server (Lomize et al., 2012) and the Prime Refinement panel (Prime, 2018). 

The implicit membrane defines a slab-shaped region with low dielectric constant similar to the 

solvent region. Thereby, the low dielectric region removes the rewards incurred by the hydrophilic 

groups and the penalties suffered by hydrophobic groups in the solvent region. The VSGB solvation 

model and the OPLS3e force field were used for all computations (Prime, 2018).  

 

2.6 ADME calculations 

The physicochemical properties were calculated on the 3D ligand poses generated by 

MMGBSA at 0 Å protein flexibility using QikProp (QikProp, 2018). QikProp calculates 52 ligand 

properties. We calculated all these properties, while we analyzed only 28 pharmaceutically relevant 

physical descriptors, which show variability in the dataset such as molecular weight, octanol-water 
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partition coefficient, solvent-accessible area, dipole moment, polar surface area, the number of 

hydrogen bond acceptors and donors, central nervous system activity and blood-brain partition 

coefficients. In order to analyze the descriptors responsible for binding and experimental activity, 

we calculated the correlation of the MMGBSA binding affinities and experimental pIC50 values 

with the QikProp properties.  

  

2.7 Pharmacophore modelling 

Pharmacophore modelling of the 3D ligand structures produced by MMGBSA on the SP poses 

at 0 Å flexibility for site 4, which had the only significant correlation to experimental data as shown 

below and thus represents the likely binding site, was carried out using Phase (Dixon et al., 2006). 

Phase implements a tree-based algorithm to identify common pharmacophoric features, which 

includes hydrophobic (H), aromatic (R), positively charges (P), negatively charged (N), hydrogen 

bond donor (D) and acceptor (A) features. Common features are identified by aligning a set of the 

ligand conformers and evaluated based on the survival scores of actives, which is a combination of 

vector score, site score, volume score, selectivity score and log10(number of matches). The 

pharmacophore model enabled us to identify the common interactions exhibited by the active 

ligands in three-dimensional space, as discussed below in Results.  
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3. Results and discussion 

 

3.1 Identification of GSM binding sites within γ-secretase  

We identified four potential GSM sites that were promising enough to warrant detailed 

analysis, as explained in detail below. Both SiteMap (Fig. 1a) and FTMAP (Fig. 1b) consistently 

identified three well-defined sites, which we call here sites 1, 3 and 4 (additional visual details in 

Fig. S1): Site 1 is located on PS1-TM1 mainly at the PS1-NTF, but also shares an interface with 

PS1-CTF. We note that this site corresponds well to a literature report suggesting GSM binding to 

the PS1-TM1 towards the extracellular side (Ohki et al., 2011). Site 3 is present in the middle of the 

membrane between PEN2, PS1-TM4 and PS1-TM3. At this site, three hotspots were predicted by 

FTMAP. However, only one SiteMap site covered this region, implying a large site. This site fits 

well with previous work indicating a modulator site between PS1-TM4 and PEN2 (Watanabe et al., 

2005). Site 4 lies between PS1-TM2 and PS1-TM5 on PS2-NTF towards the extracellular side. This 

site forms an interface with the substrate APP-C83 (chain E, Fig. 1g). We did not identify any 

literature reports consistent with this site, but given its prevalence and close proximity to PS1-NTF 

and APP-C83, we also included this site for further analysis. Finally, SiteMap predicted an 

additional large site, which we call site 2, which covers two FTMAP hotspots (Fig. 1a-1b), 

spanning a larger space between PS1-TM4 and PEN2 towards the N-terminal of PEN2. The two 

FTMAP hotspots were ~ 7 Å away from each other. This extended site resembles well the 

modulator binding location hypothesized by Watanable et al. (Watanabe et al., 2005) and Kounnas 

et al. (Kounnas et al., 2010). 

Obviously, all of these sites are based on topological and chemical identification without any 

consideration of the nature of the GSMs themselves and is thus the most generally expected GSM 

sites that we expect to exist. Importantly, some compound classes may bind exclusively to one of 

the sites, whereas other compounds bind to other sites, and some compounds may not be very 

selective. The scaffolds of the specific compounds studied in the present work are shown in Fig. 1c. 

As mentioned in Methods, all 122 ligands studied in this work were at first considered to bind 

potentially to any of the four sites, to avoid any bias or restriction in the study. Fig. 1d-1g gives a 

more detailed overview of the four studied sites 1-4 and the key amino acid residues forming these 

binding sites. 
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Fig. 1 Potential modulator sites identified in γ-secretase (6IYC), which consists of four protein 

subunits comprising nicastrin (green, chain A), PS1 (NTF: orange and CTF: cyan, chain B), 

APH1A (magenta, chain C), PEN2 (yellow, chain D) and substrate APP-C83 (coral, chain E). (a) 

Binding sites predicted by SiteMap. (b) Binding sites predicted by FTMAP. (c) Scaffolds of the 

ligand dataset. (d-g) Residues comprising binding sites: (d) Site 1. (e) Site 2. (f) Site 3. (g) Site 4.   

 

3.2 Docking scores indicate that decoys are not useful to identify good GSMs 

Molecular docking of the 122 ligand states was performed onto all the four sites described above, 

and the highest-scoring state was kept for analysis in each case. The resulting violin plots are shown 

in Fig. S2a. The ligands consistently showed strongest binding to sites 3 and 4 both with simple 

precision (SP) and extra precision (XP) scoring functions. Assuming that the scores are qualitatively 

meaningful, and considering the difference in the scores, this suggests that sites 3 and 4 may be the 

prominent sites for these compounds, although this requires more elaborate affinity calculation 

(MMGBSA, as described below) to decide. 
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We performed Receiver-operator characteristic (ROC) area under curve analysis (AUC) by 

mixing the 122-compound dataset with 1000 drug-like decoys (Table S2, Fig. S3-S4), we found the 

SP scoring surpassed the XP, as also reported earlier (Mehra et al., 2015). A ROC value of 0.5 

represents random (non-significant) binding behaviour. ROC values of 0.85, 0.64, 0.91 and 0.75 

were obtained using SP, and 0.68, 0.54, 0.71 and 0.74 were found using XP for the sites 1-4, 

respectively (Fig. S4). High ROC would imply that the scoring function differentiates well the 

actives from the decoys/inactives. However, the actual correlation between experimental IC50 and 

the docking scores was low using both the scoring functions (Fig. S5 and S6), and thus we consider 

the good ROC performance an artefact of the decoy approach, which, in direct comparison to the 

experimental binding data, appear misleading, probably because the decoys are poor proxies of 

weakly binding ligands to these sites. We thus have little confidence in the use of ROC analysis 

based on decoy sets, whereas control sets of true weak binders would be useful, as studied directly 

in the linear regression (Fig. S5-S6). 

 

3.3 MMGBSA-guided binding mechanism of GSMs 

Due to the poor correlation of docking scores with experimental data, the computationally more 

intensive and accurate method MMGBSA was used (Fig. S2b). The calculations were done both 

with and without implicit membrane, since the membrane environment would affect binding 

differently from the solvent-exposed sites. The various ligand states resulting from protonation and 

stereoisomers were ranked according to decreasing MMGBSA binding affinities, and the highest 

affinity states were retained for analysis.  

We first note that in all calculations without implicit membrane, no correlation was found for 

any of the four sites using both SP and XP poses at two protein flexibilities (0 and 4Å around 

ligands) (Fig. S7-S10). This clearly indicates the importance of handling the fact that γ-secretase is 

a membrane protein, and that several sites in the protein are not solvent-accessible, but rather 

surrounded by lipid groups. For this reason, we performed calculations completely in parallel with 

the implicit membrane as described in Methods (Fig. S2b, Fig. S11-S14). These results are 

exclusively discussed below. 
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Fig. 2 MMGBSA ΔGbind (kcal/mol) of the SP poses evaluated with the implicit membrane. (a) 

Distribution of ΔGbind energies of the four sites at 0 Å protein flexibility (left panel), correlation 

with pIC50 at 0 Å flexibility for site 4 using the full dataset (middle panel) and when removing one 

extreme outlier (lowest activity; right panel). (b) ΔGbind energies of the four sites at 4 Å protein 

flexibility (left panel), and correlations with pIC50 as in (a).  

 

The MMGBSA energies computed on the XP docking poses showed no significant correlation 

(Fig. S13 and S14) as expected since the docking studies already indicated that the SP scoring 

performed better than XP scoring, which is not unusual (Mehra et al., 2015). SP generates a set of 

conformations at the binding site and samples torsion angles to identify variable conformations 

(Friesner et al., 2004). In contrast, XP starts with initial SP sampling and adds additional sampling 

by its anchor-and-grow method (Friesner et al., 2006). The more restrict requirement for shape 

complementary with the XP algorithm may disturb the bioactive ligand conformation, perhaps 

explaining the less accurate scoring. However, the MMGBSA affinities on the SP poses showed 

significant semi-quantitative correlations with the pIC50 values for site 4 at both protein flexibilities 

0 (R
2
 = 0.23, p = 0.0003) and 4 Å (R

2
 = 0.16, p = 0.003) (Fig. 2a-2b, Fig. S11-S12). The direction 

of correlation was also meaningful: the binding affinity increased (low ΔGbind) with increasing 

activity (high pIC50 and low IC50). More importantly, when a single outlier with the lowest pIC50 

(compound 15 with pIC50 = 4.8 and IC50 = 15800 nM) was removed, correlation improved 

substantially to R
2
 = 0.33 (p = 0.00001) with 0 Å flexibility and R

2
 = 0.25 (p= 0.0002) with 4 Å 
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flexibility. Considering the noise of structures, experimental data, and computational uncertainties, 

this result is remarkable and strongly supports that site 4 is the real binding site of the studied 

compounds. 

For compound 78 (J. Med Chem., 2016, 59, 7389, Table S1), eight stereoisomers and eight 

protonation states with +1 charge are possible although activity (IC50) was reported just for one 

stereoisomer (variant 78-1, Table S1). These various states were generated by LigPrep and 

analyzed completely, keeping the remaining data the same (Fig. S15-S20). The correlations were 

generally similar to those reported above. The MMGBSA computations on SP poses again showed 

significant semi-quantitative correlations with pIC50 for site 4 with R
2
 = 0.16 (p = 0.004) using all 

51 data points and R
2
 = 0.24 (p = 0.0003) after one outlier removal (with lowest pIC50) at 0 Å 

flexibility (Fig. S21). We conclude that the exact stereoisomer and charge state, which affects 

affinity, does so to a small extent relative to the overall variation in the data and thus does not add 

new information. Further analysis discussed below thus concentrated on the experimentally reported 

variant (variant 78-1 and its +1 protonation state 78-9; Table S1) with the remaining dataset and the 

MMGBSA data computed on SP poses at 0-Å protein flexibility.  

It is not surprising that site 4 is the only site that shows significant correlations to experimental 

data (Fig. S11-S12, S17-S18), since these compounds belong to the same class (pyridopyrazine-1,6-

dione), have similar scaffolds (Fig. 1c), and thus can be expected to exhibit the same binding 

mechanism. However, we stress that other compound classes may bind to other of our four 

identified sites, and perhaps several of them.  

In terms of mechanism, site 4 lies at an interface between the PS1-NTF and APP-C83. It is 

highly likely that the studied compounds stabilize the ternary complex with the bound substrate by 

interacting with both the PS1 and APP-C83 residues, thereby increasing the staying time and 

trimming extent of the substrates. This mechanism would be in accordance with the FIST model, 

described above. Thermodynamically and kinetically, it amounts to contributing the additional 

binding affinity in site 4 to stabilizing of the enzyme-substrate complex, which will lower the 

Michaelis constant, KM. Mechanistically, it is likely to occur via specific interactions that favour the 

semi-open over the open conformation state (tight grabbing by the fist). 

So far in our study, all compounds, due to their similarity, were assumed to all bind to the same 

site during the comparison. To check whether the modulators, despite their similarity, actually bind 

to different sites, we combined the binding affinities for all four sites for the SP poses at 0 Å 

flexibility, sorted them according to decreasing affinities and then selected only the highest affinity 

score for each compound, regardless of site, keeping only the highest affinity score of each 
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compound for correlation analysis (Fig. S22). We found no correlation (R
2
 = 0.04; after two outlier 

removals R
2
 = 0.05), strongly indicating that a large majority of the dataset compounds bind at site 

4.   

We further calculated the averages and standard deviations (SD) of the MMBGSA binding 

affinities at the four sites (Table S3). Similar averages of -67.70 (SD 5.49), -67.26 (SD 11.07) and -

67.48 (SD 5.09) were found for the sites 1, 3 and 4, respectively. However, the SD for site 3 was 

relatively high. Site 2 displayed a distinct behaviour, with a distinctly lower average binding 

affinity, i.e. -44.90 (SD 6.26). This may be due to the larger space in the site, which could make 

binding less specific. Site 2 may thus fit modulators with a diverse binding mechanism. Since our 

dataset consists of similar compounds, it is highly likely that they bind to the same site (site 4) and 

not site 2. 

 

3.4 Impact of stereoisomers and protonation states on GSM potency 

In the dataset, three compounds existed as stereoisomers. Two of these existed as two stereoisomers 

with reported distinct activities: Compounds 19 and 20 (ACS Med. Chem. Lett., 2015, 6, 596) 

,(Pettersson et al., 2015b) and compounds 29 and 30 (Bioorg. Med. Chem. Lett., 2015, 25, 908) 

(Table S1)(Pettersson et al., 2015a). However, compound 78(Bursavich et al., 2016) (J. Med 

Chem., 2016, 59, 7389) (Table S1) exist as potentially eight stereoisomers and the activity has been 

reported only for one of these (variant 78-1, IC50 14 nM; Table S1). To account for the potential 

variation in binding affinity and potency that this may cause, we analyzed the binding of these 

variants and their various protonation states at site 4 (MMGBSA of SP poses at 0 Å flexibility) 

(Fig. S23). We found that the two stereoisomers 19/20 and 29/30 showed similar binding affinities 

in the range -35 to 50 kcal/mol at site 4. However, their +1-charged protonated states displayed 

markedly higher affinities of -57 to -74 kcal/mol. The experimental activities of these stereoisomers 

19/20 and 29/30 were 20/85 nM and 6/389 nM respectively, corresponding well with the binding 

affinities. Stereoisomers 19/20 exhibit similar activities, which is well explained by the computed 

binding affinities (−36 kcal/mol for neutral and −70 kcal/mol for +1-charged ligands). The activities 

of 29/30 differ by ~ -380 nM, which is reflected by their binding affinities of -50 and -35 kcal/mol 

for the neutral, and -74 and -57 kcal/mol for the +1-charges state, respectively. 

Similarly, the various compound 78 stereoisomers had computed ΔGbind values from -48 to -79 

kcal/mol when bound to site 4. Their neutral stereoisomers generally had lower binding affinities of 

-48 to -67 kcal/mol than the protonated states with +1 net charge, which displayed affinities from -
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58 to -79 kcal/mol. Thus, the protonation state at the actual target is critical for the potency of these 

particular compounds and is virtually unpredictable. 

The analysis of the effect of protonation state variations near physiological pH indicates that 

charge interactions may substantially affect the potency of some of the ligands. Supporting this 

observation is the fact that site 4 contains several polar residues and in particular, Tyr115 of PS1-

NTF is highly likely to engage in π-cation interactions with the protonated GSM (discussed below). 

 

3.5 Physico-chemical properties correlating with IC50   

It is apparent from the above analysis that the binding affinity of the GSM to site 4 explains a 

substantial part of the potency of the drug in assays. It is possible that other properties of the drugs 

are important as well, since the mechanism of GSMs is not generally known, and it is not 

necessarily the case that stronger binding will provide a modulation of the C99 cleavage, for 

example, if the site induces strong binding but is not close to the active site of γ-secretase.  

To understand in more detail the specific molecular properties that contribute to GSM potency, 

we analyzed first the correlation between the MMGBSA-computed binding affinities (ΔGbind) and 

several physiochemical features for all the four sites, calculated using QikProp(QikProp, 2018) 

(Fig. 3 for the best-correlating properties of site 4 and Tables S4-S7 for all properties in all four 

sites, including their p-values). The ligand poses at site 4 provided the best correlations as expected, 

since it produces the best correlation for ΔGbind in the first place. Among all studied properties, we 

found that molecular weight (Fig. 3a; R
2
 = 0.12), volume (Fig. 3b; R

2
 = 0.21), solvent accessible 

surface area (Fig. 3c; R
2
 = 0.21), hydrophobic surface area (FOSA, Fig. 3d; R

2
 = 0.13), shape 

(glob, Fig. 3e; R
2
 = 0.12), polarizability (QPpolrz, Fig. 3f; R

2
 = 0.16), the hexadecane-gas partition 

coefficient (QPlogPC16, Fig. 3g; R
2
 = 0.10) and the octanol-gas partition coefficient (QPlogPoct, 

Fig. 3h; R
2 

= 0.10) all can explain some of the binding affinity of the GSMs at statistical 

significance (p < 0.05; 95% confidence, linear regression test, please see p-values in Table S7) 

(Fig. 3).  

All the correlating properties can be reduced to an effect of the size and hydrophobicity on the 

binding affinity of the GSMs, which is not surprising, as binding affinities, all-else equal, tend to 

scale with the size of small and moderate-sized ligands, and this is particularly true for hydrophobic 

interactions that favour protein-ligand association over solvation (Kuntz et al., 1999). The fact that 

binding affinity partly explains GSM activity and is governed by ligand size and hydrophobicity fits 

very well with previous studies of GSM activity using very distinct compound classes (Tang et al., 
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2018), and observations that the clinical severity of fAD-causing PS1 mutations tend to correlate 

with the loss of stability and hydrophobic packing of the enzyme complex (Somavarapu and Kepp, 

2016). Both observations agree with the FIST model discussed above. 

 

 Fig. 3 Significant correlations between GSM binding affinities (ΔGbind from MMGBSA at site 

4; SP poses at 0 Å flexibility) and physicochemical properties. (a) Molecular weight of GSM. 

(b) Volume of GSM. (c) Total solvent-accessible surface area (SASA). (d) Hydrophobic surface 

area (FOSA). (e) Globular shape (glob). (f) Polarizability (QPpolrz). (g) Hexadecane-gas partition 

coefficient (QPlogPC16). (h) Octanol-gas partition coefficient (QPlogPoct).  

 

Accordingly, we find that the hydrophobic SASA (FOSA, Fig. 3d) rather than the hydrophilic 

SASA (FISA, Table S7) contributes to the binding affinity of the GSMs. The globular shape of the 

molecules correlated inversely to the affinities (Fig. 3e); it has values between 0 and 1, where 1 

represents the perfectly globular compound. Not surprisingly, as these binding sites are not very 

buried and globular, but rather extended and surface-exposed, an extended shape of the GSM seems 

to contribute to strong binding affinity.  

 

3.6 Structure-activity relationships 

Since binding affinity was shown above to explain some, but not necessarily all of GSM potency, 

we also investigated whether any physico-chemical properties describe GSM activity (pIC50) 

directly (Fig. 4, Table S8). Significant correlations (95% confidence) were seen for the molecular 

weight (R
2
 = 0.49), volume (R

2
 = 0.45), SASA (R

2
 = 0.40), FOSA (R

2
 = 0.12), the weakly polar 

part of SASA (WPSA, R
2
 = 0.12), the number of hydrogen bond acceptors (accptHB, R

2
 = 0.22), 
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the shape (glob, R
2
 = 0.16), polarizability (QPpolrz, R

2
 = 0.49), hexadecane-gas (QPlogPC16, R

2
 = 

0.11), octanol-gas (QPlogPoct, R
2
 = 0.42) and water-gas partition coefficients (QPlogPw, R

2
 = 

0.19), the aqueous solubility (CIQPlogS, R
2
 = 0.16) and the polar surface area (PSA, R

2
 = 0.13).  

 

Fig. 4 Correlation between the pIC50 values and the physicochemical features of the dataset 

compounds calculated using the MMGBSA poses at site 4 (for SP poses at 0 Å flexibilities). 

Correlation between the pIC50 with: (a) Molecular weight of GSM. (b) Volume of GSM. (c) Total 

solvent-accessible surface area (SASA). (d) Hydrophobic surface area (FOSA). (e) Weakly polar 

surface area (WPSA). (f) Number of hydrogen bond acceptors (accptHB). (g) Globular shape 

(glob). (h) Polarizability (QPpolrz). (i) Hexadecane-gas partition coefficient (QPlogPC16). (j) 

Octanol-gas partition coefficient (QPlogPoct). (k) Water-gas partition coefficient (QPlogPw). (l) 

Conformation-independent aqueous solubility (CIQPlogS). 

 

Of these properties, the strongest correlations (R
2
 > 0.4) all relate to molecular size, 

hydrophobicity, and polarizability. Remarkably, these properties are even better descriptors of 

potency than via their contribution to the binding affinity alone (as estimated by MMGBSA). Thus, 

our results suggest that GSMs work in two ways: The binding affinity itself contributes stability to 

the ternary enzyme-modulator-substrate complex and reduces Km to increase turnover (kcat/Km) and 

cleavage to shorter Aβ. At the same time, the size, hydrophobicity, and polarizability indicate an 

additional role of conformation state, probably via the relative free energies of the more compact 

semi-open and the open PS1 states. The GSMs, by hydrophobic packing and polarizable 
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interactions, thus plausibly increase the relative stability of the innocent semi-open conformation 

over the open state that produces imprecise cleavage and longer Aβ, as implied by the FIST model 

(Dehury et al., 2019b; Somavarapu and Kepp, 2017, 2016; Tang et al., 2019, 2018).  

 

Fig. 5 Common pharmacophore hypothesis developed using the binding poses of the 

MMGBSA poses (SP, 0 Å flexibility) at site 4, residues interacting with the dataset 

compounds, and the solvent accessibility of the binding sites. Pharmacophoric features displayed 

on 2D-structure (a) and 3D-structure (b) of the best fit compound 78 (78-15 variant; J. Med Chem., 

2016, 59, 7389). (c) Site 4 residues forming interactions with the 122 dataset compounds. (d) 

Analysis of site solvent accessibility. Water molecules are shown as wires and the binding sites as 

surfaces.  

 

3.7 Common pharmacophore model and interactions for the GSMs 

We wanted to take the structure-activity relationships a step further, by including more directly the 

3-dimensional binding sites that we identified in the first part of this study. To this aim, the 122 

ligand poses generated by MMGBSA at site 4 were aligned using Phase. The high-scoring four-

point hypothesis matching the highest number of ligands was then selected (Fig. 5). AHHR 
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hypothesis, which contained one hydrogen bond acceptor (A), two hydrophobic (H) and one 

aromatic (R) features, matched 42 ligand states (neutral and ionization, Table S1) of the 28 dataset 

compounds. The hydrogen bond acceptor (A) feature was formed by the carboxyl oxygen, two 

hydrophobic interactions (H) were constituted by the six-membered heterocyclic ring and methyl 

groups attached to imidazole, and one aromatic interaction was formed by the imidazole ring. The 

nature of the best common pharmacophore model thus confirms the importance of the specific 

shape and hydrophobic properties of the compounds within the actual binding cavity. 

We further analyzed the protein-ligand interactions of all 122 dataset ligands within site 4. The 

pyridopyrazine-1,6-diones mainly interacted with hydrophobic residues (green) and some polar 

residues (cyan) as summarized in Fig. 5c and Table S9. The main interactions were formed with 

PS1-NTF residues, notably Tyr115 and Thr116. The hydrophobic Tyr115 mainly formed π-π 

interactions with the pyridopyrazine ring and in a few cases with the imidazole ring. This residue 

also formed π-cation interactions between its phenyl ring and the positively charged nitrogen atom 

on imidazole or other substituted groups (such as 4-azaindole) in the protonated state. This 

interaction increases the binding affinity of the protonated ligands. The low-activity compounds 27 

(IC50 = 920 nM) and 28 (IC50 = 400 nM) have a hydroxyl group on the pyridopyrazine ring, 

hydrogen bonding to Tyr115. Thr116 donated a hydrogen bond to one of the two oxygen atoms of 

the pyridopyrazine rings. One of these oxygens was identified as an important hydrogen bond 

acceptor in the pharmacophore analysis, in support of this conclusion (A; Fig. 5a and 5b). In 

addition, the residue Ile114 accepted a hydrogen bond from the nitrogen of the indole, 4-azaindole 

or similar substitutions in some of the ligands, and Phe237 also formed π-π interactions with the 

imidazole ring in some cases. Some residues of C83 also interacted actively with the ligands (Fig. 

5c), mostly Thr714 with a tendency to accept a hydrogen bond from the protonated nitrogen atom 

of the azaindole substituents.  

We also analyzed the solvent accessibility of the four binding sites in the membrane 

environment. Some of the transmembrane binding sites may never be accessible by the ligands due 

to the compact membrane surrounding the protein. To analyze the solvent accessibility of the 

predicted binding sites, we built a 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine (POPC) 

bilayer membrane around 6IYC using CHARMMGUI(Jo et al., 2008) along with the water 

molecules in the pore-forming transmembrane regions of the protein (Fig. 5d). We found that the 

sites 1 and 3 were highly solvent-accessible, whereas the sites 2 and 4 were less water accessible. 

We analyzed a static protein-membrane-water complex with some solvent accessibility. However, 

γ-secretase is highly flexible and therefore, all these sites are expected to be accessible by the 

solvent during protein conformational changes.   
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4. Conclusions 

Using a diverse range of molecular modelling techniques, we identified four potential binding sites 

for pyridopyrazine-1,6-dione GSMs binding to the transmembrane domains of γ-secretase. These 

compounds have previously been reported to bind to the PSI-NTF (Pettersson et al., 2015a). We 

demonstrated that these compounds bind to a specific site (site 4) formed between PS1-TM2, PS1-

TM5 and the APP-C83-TM (Fig. 1). The experimental activity data correlate significantly (95% 

confidence, linear regression) with MMGBSA-affinities only for this site, not the three other sites 

that were identified.  

The binding of the GSMs at the interface between PS1-NTF and the substrate indicates how 

GSMs may strengthen the ternary enzyme-substrate modulator complex, thus preventing early 

release of the substrate from γ-secretase complex and thus increasing trimming to shorter Aβ 

peptides. The possibility that other compound classes of GSMs bind to other of the four identified 

sites may not be ignored (Fig. 1), since different chemical properties may lead to different 

preferences for the sites. Our analysis of all possible stereoisomers and specific protonation states 

that may be active at physiological pH show that charged protonated GSMs may in some cases 

display higher affinities than the neutral states, because of π-cation interaction with Tyr115 of PS1-

NTF in site 4. 

We found that the MMGBSA-estimated binding affinities correlated significantly with the size, 

shape, hydrophobicity, and polarizability, largely following general size-affinity expectations for 

small to moderate-sized compounds (Kuntz et al., 1999). In agreement with the extended, solvent-

exposed nature of site 4, an extended shape of the GSM was also found to be favourable.  

Surprisingly and very promisingly, structure-activity relation studies showed that the pIC50 of 

these compounds is largely described (R
2
 > 0.4 for all of these) by the molecular size, 

hydrophobicity, and polarizability. Remarkably, we found that these properties are even better 

descriptors of potency than via their contribution to the binding affinity alone (as estimated by 

MMGBSA).  

From our study, we conclude that we have identified the primary modulator binding site in γ-

secretase for this important class of compounds, as well as strong descriptors of GSM potency. Our 

results suggest that GSMs work in two ways: The binding affinity itself contributes stability to the 

ternary enzyme-modulator-substrate complex and reduces Km to increase turnover (kcat/Km) and 

cleavage to shorter Aβ. At the same time, the size, hydrophobicity, and polarizability indicate an 

additional contribution that relates to a conformation change, which we have previously argued is 

the relative free energies of the more compact semi-open and the open PS1 states. The GSMs, by 
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hydrophobic packing and polarizable interactions, are proposed to increase the relative stability of 

the innocent semi-open conformation over the open state that produces imprecise cleavage and 

longer Aβ. Both of these mechanisms fully in accord with the FIST model of γ-secretase function 

(Dehury et al., 2019b; Somavarapu and Kepp, 2017, 2016; Tang et al., 2019, 2018).  
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