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Abstract  

Single-point mutations in the genes coding for amyloid precursor protein (APP) and presenilin 

1 (PS1), the active subunit of γ-secretase that cleaves APP to produce Aβ, are the main causes 

of rare but severe familial Alzheimer’s disease (fAD). Recent structures of the transmembrane 

parts of APP and γ-secretase with a fragment of APP bound enable us to study the origins of 

the pathogenicity of the single amino acid changes in the context of the actual enzyme-substrate 

complex, which has not previously been possible. We used the new structures as input for 

several state-of-the-art computational methods that predict the folding stability effect of 

mutations. We find that pathogenic mutations almost exclusively reduce the stability of the 

proteins. Since most “random” mutations of an evolutionarily optimized protein tend to 

destabilize, we also show that the APP mutations destabilize the complex-bound substrate more 

than the free substrate, indicating reduced affinity of APP to γ-secretase. We confirmed this 

using two other methods, BEATMUSIC and mCSM PPI, specifically developed for calculating 

binding affinities of mutants. Although pathogenic PS1 mutations destabilize the complex and 

substrate-free form to the same extent, they significantly destabilize the protein more than the 

control set of random mutations. We conclude that fAD mutations most likely reduce the 

stability of the protein-substrate complex and thus retention time of APP-C99, leading to 

premature release of longer toxic Aβ42 in accordance with the FIST model of Aβ production, 

whereas the observed general destabilization of the protein may reduce activity towards other 

substrates.  
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Introduction 

Alzheimer’s disease (AD), the major irreversible neurodegenerative disease that is the main 

cause of dementia, remains without a cure due to its molecular complexity[1–3]. More than 50 

million people are estimated to suffer from dementia, with more than half of these cases being 

due to AD[4,5]. Particular growth in prevalence is projected for  developing countries with 

rapidly expanding elderly populations such as India and China[6].  

γ-secretase, a membrane protease complex, cleaves the transmembrane domain of the C-

terminal fragment of the amyloid precursor protein (APP-C99) to produce β-amyloid (Aβ) 

peptides of varying length, which are currently considered culprits of the disease according to 

the amyloid hypothesis[7–11]. γ-secretase consists of four subunits: Nicastrin, presenilin 

(either PS1 or PS2), APH-1, and PEN-2[12,13]. Presenilin is the catalytic subunit[14,15] and 

APP is one of its many substrates (Figure 1), which also include Notch[16]. More than 200 

mutations have been identified in PS1 and nearly 50 mutations in APP that are potentially 

related to AD[17,18]. Of these, 149 and 17, respectively, are pathogenic missense mutations in 

the transmembrane (TM) regions of PS1 and APP. These mutations affect the γ-secretase 

activity[19], change the amount of Aβ formed and specifically increase the Aβ42/Aβ40 ratio[20–

22]. Since Aβ42 is more aggregation-prone[23] and since the Aβ42/Aβ40 ratio correlates with 

disease onset (using the data by Sun et al. but removing the extreme loss-of-function outlier at 

the catalytic site)[24], this molecular effect remains a current hypothesis for the function of 

AD-causing mutations. 

γ-secretase has a remarkably slow turnover of substrates, with an estimated kcat of 0.0012 

s-1 and a surprisingly large KM of 0.2 mM, giving an extremely slow turnover of 6 s-1 M-1.[25] 

The large KM is probably related to an unusually small and conformation-dependent substrate 

affinity, which can be further impaired by mutations if these destabilize the protein[26]. 

According to the FIST (Fit-(Induce)-Stay-Trim) mechanism[27,28], the slow and sloppy 

intramembrane protease works by a gradual fitting and squeezing of the substrate within the 

active site “fist”, such that stronger “grapping” (stability of the complex) leads to a longer 

retention and additional squeezing into shorter products, whereas loose grapping (impaired 

substrate affinity) leads to imprecise cleavage and premature release of products. The 

consistent increase in the Aβ42/Aβ40 ratio[29] indicates that the change in substrate cleavage is 

related to pathogenicity. According to the FIST model, γ-secretase modulators work to stabilize 

the complex and thus lower the Aβ42/Aβ40 ratio[30] whereas fAD mutations destabilize the 

complex and thus increase the ratio[27,28]. 
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We hypothesize here that the pathogenic APP and PS1 mutations work in one of two ways: 

either by decreasing the binding affinity of APP-C99 to γ-secretase (the enzyme-substrate 

complex) or by generally decreasing the stability of the compact membrane protein, as has been 

hypothesized from sequence-based computations[28]; such stability loss may lead both to loss 

of function of the protein[31,32], as well as gain of toxicity by elevating the cost of protein 

turnover of γ-secretase[33]. To explore these two options we need to investigate as many 

mutations as possible, we need the structures of the complex and enzyme and substrate alone, 

and we need control data sets of mutations that are not pathogenic. Recently, two γ-secretase 

cryo-electron microscopy structures were elucidated with C83 (a shorter analog of APP-

C99)[34] and Notch as substrates[35]. These structures for the first time enable a comparison 

of stability changes upon mutation between the substrate-free and the substrate-bound states of 

γ-secretase and thereby indirectly, the impact of mutations on the substrate binding affinity. 

The present paper represents an attempt to perform this analysis. 

 We studied the change in stability (ΔΔGMUT) caused by APP and PS1 mutations in the 

transmembrane (TM) region, where structural coordinates are available, in both the apo- and 

holo-γ-secretase structures (Figure 1d and 1e), To enable a statistical test of the significance 

of the computations, we generated data sets with 202 and 3048 “random” mutations in variable 

sites of the APP-C99 fragment and PS1, respectively, for both apo- and holo-structures. We 

used the recently published structure 6IYC[34], because it contains all the subunits including 

the TM part of the substrate analog C83, and the TM part of PS1. ΔΔGMUT was studied using 

four well-known methods; FoldX[36,37], POPMUSIC[38,39], mCSM[40], and I-Mutant[41].  

All the methods, despite their diversity and variations in structural input, show that 

pathogenic mutations in both APP-C99 and PS1 markedly and consistently reduce the stability 

of the proteins. Since mutations tend to be destabilizing in general, we also compared the 

mutation effects to test sets of “random” mutations. We find that pathogenic APP-C99 

mutations consistently decrease stability more in the holo-structure than in the apo-structure 

(PDB ID: 2LLM) indicating that they decrease the binding affinity of the APP-C99 substrate. 

We confirmed this finding by using two methods (mCSM-PPI and BEATMUSIC) that directly 

calculate the change in binding affinity (ΔΔGbind) of the enzyme-substrate complex upon 

mutation. The pathogenic PS1-TM mutations consistently destabilize both the apo- and holo-

states significantly more than a control dataset of random mutations. Our computations support 

a mechanism whereby fAD mutations reduce the stability of the active proteins, but do not 

determine whether the effect on Aβ or another substrate (e.g. Notch) is the cause of disease.   
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Figure 1. Experimental structures used in this study. (a) 43-residue NMR model of the 

transmembrane region of APP-C99 (PDB code: 2LLM). (b) Substrate-free apo-γ-secretase 

structure (5FN2). (c) APP-C83-bound holo-γ-secretase structure (6IYC). (d) APP sequence of 

the structural elements present in 2LLM and 6IYC (chain E) with TM mutations highlighted 

in red. (e) PS1 sequence of the residues present in 6IYC (chain B) with TM mutations 

highlighted in red.  
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Methods 

Structures used 

We used three PDB structures: 2LLM[42], 6IYC[34] and 5FN2[43]. 2LLM is a NMR structure 

containing 43 residues of the transmembrane part of free APP-C99 (named here APP-C99-

apo). 6IYC is the recently published electron microscopy structure of γ-secretase complexed 

with a 83-residue (C83) analog of APP-C99 (named holo); it contains 34 residues of APP-C83 

as two fragments. 5FN2 is γ-secretase without any bound substrate (named PS1-apo). In the 

holo-structure 6IYC, APP-C99-holo refers to the TM part of C83 bound to γ-secretase, whereas 

PS1-holo refers to the structure of the PS1 subunit in the holo-structure.  

In order to describe both the structures of the substrate APP-C99 before and after binding 

to γ-secretase (i.e. the apo- and holo-states), we performed all APP-C99 mutations both on 

PDB structures 2LLM[42] (APP-C99-apo) and 6IYC[34] (APP-C99-holo; Figure 1a and 1c). 

We used the experimental structures directly without any addition of missing residues, to avoid 

disturbing the experimental geometries. We used the top-listed NMR model of 2LLM for 

computations. 6IYC contains two mutations, Q112C in PS1 and V695C in APP-C83, although 

the fragment containing V695C is not visible in the structure. To model the WT protein, we 

converted the Q112C mutant of 6IYC into the WT (i.e. C was changed to Q at position 112) 

and geometry-relaxed the sidechain using Maestro. Both structures contain all the ten studied 

transmembrane mutated sites of APP-C99 associated with AD (Figure 1d, highlighted in red).  

The most complete experimental PS1 WT apo-structure, 5FN2[43], was used for 

computing the stability effects of the PS1 mutations. Bai et al. have described several different 

apo-structures: 5FN3 has an ordered TM2 segment of PS1, which is partly absent in other 

structures[43]. A poly-alanine chain of 24 residues resides at the substrate-binding site. 5FN4 

and 5FN5 have a disordered, invisible TM2 of PS1, and no ligand bound. The orientation of 

TM6 is different in all these three structures. The structure with a dipeptidic inhibitor N-[N-

(3,5-difluorophenacetyl)-L-alanyl]-S-phenylglycine t-butyl ester (DAPT; PDB ID: 5FN2) is 

very similar to 5FN3, with a Cα RMSD of 0.4 Å for the PS1 subunit; it is the most complete 

apo structure and includes more of TM6 than other apo-structures, the linker between TM2 and 

TM1/TM3, the cytoplasmic ends of TM3 and TM6, and part of the large hydrophilic maturation 

loop between TM6 and TM7[43]. The other published apo-structure of γ-secretase 5A63[13] 

misses TM2 and part of TM6, both of which interact strongly with the substrate, and thus these 

structures are not very useful for estimating mutation effects on substrate binding.  
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PS1 in 5FN2 and 5A63 contains 301 and 215 residues, respectively, whereas PS1 in the 

holo-structure 6IYC contains 311 residues. 5FN2 has positions that represent 147 of the known 

PS1-TM fAD mutations, whereas 5A63 only contains positions covering 111 fAD mutations. 

Due to the better structural coverage of mutation sites in 5FN2, we used this structure as the 

primary PS1-apo-structure for our calculations, whereas the substrate-bound state of PS1 in 

6IYC was used as the holo-structure. We observed a Y256T mutation in PS1 of 5FN2, which 

we converted to the WT residue (Y) before calculation. 

We used two approaches for the APP-C99 calculations: Using directly the experimental 

PDB structures (after conversion to wild type as described above) or using curated PDB 

structures. In the curated structures, missing side chains and hydrogen atoms were added, 

proper protonation states and bond orders were assigned, terminal residues were corrected and 

heteroatoms (in 6IYC, cholesterol, β-D-mannose, N-acetyl-D-glucosamine and 1,2-diacyl-Sn-

glycero-3-phosphocholine) were removed using the Protein Preparation Wizard program of the 

Schrodinger software suite[44]. Most of the protein stability programs can accept both direct 

and curated PDB structures; therefore, to study the effect of protein preparation on stability 

changes, we used both the direct and curated structures.  

 

Membrane-protein system 

In order to identify pathogenic transmembrane mutations in APP-C99 and PS1 interacting with 

membrane, we built a protein-membrane system using the 6IYC holo-structure. A homogenous 

POPC lipid bilayer was built around 6IYC with a water thickness of 20 Å using Position Protein 

in Membrane server[45] and CHARMM-GUI[46]. The C83 and PS1 residues forming direct 

contact with POPC were identified.   

 

Data sets of pathogenic mutations 

We used two datasets comprising the reported pathogenic missense mutations in the 

transmembrane (TM) region of APP and PS1 causing fAD (Supplementary Tables S1 and 

S2)[17,18]. The APP dataset (Table S1) consists of 17 TM mutations with association to AD 

and 1 TM mutation (L705V) associated with Cerebral Amyloid Angiopathy (CAA), which 

relates closely to AD[47,48]. The Aβ42/Aβ40 ratios for the APP dataset were compiled from 

Alzforum[17] and Alzheimer Disease & Frontotemporal Dementia Mutation Database[18]. 

The PS1 dataset included 149 mutations in the TM region of the PS1 subunit of γ-secretase 
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(Supplementary Table S2). This PS1 transmembrane mutation dataset was compiled from 

Tang et al.[49] and the Aβ42/Aβ40 ratios were compiled from Sun et al.[29] 

 

Control data sets 

Generally, we advocate a method of testing disease hypotheses by computing the change in 

chemical properties due to mutation both in a data set of pathogenic mutations and in one or 

more control sets of non-pathogenic or “random” mutations of the same protein in a student’s 

t-test or ANOVA[50]. The best such control set consists of a significant number of clinically 

confirmed non-pathogenic mutations. In the common case where these are too few in number 

to constitute a statistically valid control set, one needs to define instead a data set of “random” 

mutations. It is however not straightforward and something that has concerned us for a while. 

As studies of the biophysical effect of pathogenic mutations become more and more common, 

this issue becomes increasingly important.  

If confirmed non-pathogenic mutations are unavailable at necessary coverage (i.e. <10 

mutations), we consider three other test sets: The largest set includes the computed property 

change for all possible mutations in the protein (saturated computational mutagenesis[50–52]). 

It is the most non-arbitrary test set and gives the best counting statistics but suffers from a bias 

towards mutations that are unlikely to occur and may reflect other mechanisms than the one 

being tested, including mutations in sites that never vary in the wild. A second choice of test 

set is that of saturated mutagenesis of all sites in which pathogenic mutations have been 

reported, excluding the pathogenic mutations themselves. This test set ensures that the sites 

used for control are actually variable and thus likely to produce functional proteins.  

A third test set, which we use here, considers all mutations in sites that are evolutionarily 

variable by sequence alignment to homologs, to avoid the bias towards pathogenic behavior 

that is potentially associated with the pathogenic sites. To perform such a test, we searched the 

Conserved Domain Database [53] (CDD; Supplementary Figures S1 and S2) for PS1 and 

APP domain models. CDD contains well-annotated multiple sequence alignment models for 

domains and full proteins using sequences of related orthologs. The search was done using 

CDD version 3.17 (52910 PSSMs) database (E-value threshold 0.01), which contains NCBI-

curated domains and data from the Pfam, COG, SMART, TIGRFAM and PRK databases. We 

analyzed the alignment of the CDD domain models for APP (UniProt ID: P05067) and PS1 

sequences (UniProt ID: P49768) and studied the specific hit models as shown in Figures S1 
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and S2. The control set was constructed by excluding the highly conserved sites (in red), and 

keeping the remaining sites as the evolutionary variable sites (blue); for these sites, all possible 

mutations were computed (19 for each site) and used as data points in the control set. 

We performed computational saturation mutagenesis of all the 34 residues common to both 

2LLM (APP-C99-apo) and 6IYC (APP-C99-holo), producing 646 mutations (18 pathogenic 

and 628 other mutations) in each state for a total of 1292 mutations. Similarly, saturation 

mutagenesis of all the residues common to both 5FN2 (PS1-apo) and 6IYC (PS1-holo) 

generated 5719 different mutations for each structure. Of these, 147 mutations were pathogenic 

and 5572 were all other possible mutations in the sites common to the two structures.  

To enable use of the third and most accurate test, the highly conserved residues in both 

APP and PS1 were identified using CDD [53] (Supplementary Figures S1 and S2). These 

residues along with the pathogenic mutations were removed from the total set of possible 

mutations to form the control data set of random variable site mutations. These control sets 

included 202 and 3048 mutations for APP-C99 and PS1, respectively.  

 

ΔΔGMUT calculations 

To ensure that our results are not sensitive to method choice, we used four well-known and 

diverse methods to calculate the folding free energy change due to mutation, ΔΔGMUT in both 

apo- and holo-states of APP-C99 and PS1: FoldX[36,37], POPMUSIC 2.1[38,39], mCSM 

Stability[40], and I-Mutant3.0.[41,54] We also used two additional methods, mCSM-PPI[40] 

and BEATMUSIC[55], that directly calculate the change in binding affinity of APP-C99 to γ-

secretase upon mutation (in 6IYC) and were specifically developed for these purposes. I-

Mutant3.0 calculations were performed using binary classification; all methods used default 

setup. All the ΔΔGMUT values are reported here in kcal/mol and their sign conventions were 

made uniform for comparison such that ΔΔGMUT < 0 represents an increase in the folding 

stability and ΔΔGMUT > 0 represents a decrease in the stability.  

To test the sensitivity of the calculated ΔΔGMUT values of the APP-C99 mutations to 

reasonable changes in the protein structure, we used both the direct experimental PDB 

structures without any modifications (except adding the WT residue in 6IYC), and the curated 

PDB structures as discussed above. In addition, the FoldX calculations were performed both 

with and without the repair function to analyze the impact on results of curating the structure 

files used for input. The reported ΔΔGMUT value from FoldX was the average of five runs. 
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Saturation mutagenesis was performed only on the curated structures, as we did not observe 

any major difference between curated and direct structures (as discussed in results below). In 

order to compare the methods for the same structures consequentially, we used the same 

curated structures from Protein preparation wizard as input for all the methods. 

In order to compute ΔΔGMUT of the PS1 mutations, we also used the curated structures for 

all the calculations, and FoldX was used without any further repair function with one run, as 

we did not observe any major differences, neither when using the repair function on the curated 

structures nor when changing the number of runs in APP-C99. The average standard deviation 

of five runs (using FoldX without repair) for the 18 pathogenic mutations in free APP-C99 

(2LLM) and holo APP-C99 (6IYC) were 0.1 and 0.4 kcal/mol. Similarly, for the control set of 

202 mutations, the average standard deviation of five runs was low, i.e. 0.12 and 0.29 kcal/mol 

for free APP-C99 (2LLM) and holo-APP-C99 (6IYC), substantially less than the 

computational uncertainty in these methods. 
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Results and discussion  

Pathogenic mutations decrease the thermodynamic stability of APP-C99 

The experimental PDB structures provide the topology of the membrane proteins but miss 

many residues, display in some cases incorrect bond orders and mutations, and the residues 

lack hydrogen atoms and thus realistic protonation states. As these features will affect enzyme-

substrate hydrogen bonding, a test of the sensitivity of structure-function relationships to 

reasonable variations in structural input is necessary. Accordingly, we analyzed the impact of 

structural curation by performing ΔΔGMUT calculations on APP-C99 using both the direct and 

the curated PDB structures as described in Methods. As seen in Figure 2, we obtained similar 

results with both types of structural input, with positive values implying destabilizing effects. 

Although hydrogen bonding changes considerably upon curation, the ΔΔGMUT depends mainly 

on the chemical properties of the amino acids and the local polarity in the mutated site.  

Using the experimental PDB structures directly, three of the four methods (POPMUSIC, 

mCSM Stability and I-Mutant; Figure 2a), show a clear consensus towards less stability of 

APP-C99 mutants. POPMUSIC produced a very small stabilizing effect for two mutations, 

T714A and T714I, which is however insignificant compared to the uncertainty in the methods 

of perhaps 1 kcal/mol[56–60]. FoldX displayed mixed results for the free apo-APP-C99 model 

(2LLM) but showed a clear overweight of destabilization in the holo-structure (6IYC), with 

exceptions being within the computational uncertainty. Comparing the left (apo) and right 

(holo) sides of Figure 2a, we see a consensus among these diverse methods that pathogenic 

APP-C99 mutations in particular destabilize the enzyme-substrate complex. 

When using the curated structures with side chains of the missing residues and hydrogens 

added, we observe largely similar results (Figure 2b). Importantly, the FoldX results become 

much more in line with the results of the three other methods after curation, in particular for 

the apo-APP-C99 state (2LLM). Using FoldX with or without the recommended repair function 

of this program also produced similar ΔΔGMUT energies (Figure 2a, 2b). Thus, reasonable 

variations in the structural input by accounting for hydrogen bonds and missing residues do not 

change our conclusion that the folding stability is impaired by the APP-C99 mutations.  

To further test that our conclusions are robust towards reasonable variations in structural 

input, the ΔΔGMUT energies computed on the experiment and curated structures show high 

correlation for both apo-APP-C99 (2LLM) and holo-APP-C99 (6IYC) states (Figure 2c).  We 

conclude that for the overall data set, reasonable variations in structure (including the effect of 

mutation and hydrogen bonds in the experimental structures) do not affect conclusions, 
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although interpretation of individual sites close to the mutated sites may be affected. For 

consistency, and because the experimental structures refer to mutants, we report results for our 

curated PDB structures in the remaining part of the work. 

 

 

Figure 2. ΔΔGMUT energies calculated for apo-APP-C99 (2LLM) and APP-C99 bound to 

γ-secretase (holo-APP-C99, 6IYC). a) Results using either the experimental structures 

directly. b) Results using the curated PDB structures as described in the Methods section 

(positive values represent destabilization). c) Correlation between ΔΔGMUT energies computed 

using experimental and curated PDB structures for free APP-C99 (2LLM) and bound APP-

C99 (APP-C83; 6IYC). 

 

To investigate the structural sensitivity of the methods and the differences between the 

apo- and holo-structures, we plotted the ΔΔGMUT energies of the mutations in apo- versus holo-



12 
 

structures (Supplementary Figures S3-S7). The pathogenic datasets for APP-C99 and PS1 

include 18 and 147 mutations and the control data set of all possible variations for the affected 

sites of APP-C99 and PS1 included 628 and 5572 mutations. FoldX was found to be highly 

sensitive to the structure input with small R2-values of correlation between apo- and holo-free 

energy changes.  

In contrast, I-Mutant3.0 showed very high R2, indicating its small structure sensitivity as 

documented before[61]. POPMUSIC and mCSM displayed intermediate sensitivity. The wide 

differences in structural sensitivity confirms that the four methods are very distinct and that 

their combined use, if they agree, will make results much more significant than results based 

on only one or two methods, which generally cannot be trusted for the reasons shown in this 

analysis. This sensitivity also reflects that the apo-APP-C99 (2LLM) and holo-structures 

(6IYC) are very different, and much more different for the average amino acid than is the case 

for the apo- and holo-PS1 structures. 

 

Pathogenic APP-C99 mutations are more destabilizing in complex with γ-secretase  

As discussed above, all four methods indicate destabilization in APP-C99 and also consistently 

suggest more destabilization in the complex than in the free substrate, regardless of structural 

input curation. To test whether this finding is statistically significant, we compared the two 

cases specifically using a t-test with a zero hypothesis of identical average ΔΔGMUT. Most 

random mutations tend to destabilize, but in the relative comparison of the same protein (APP-

C99) in two different environments, the results are substantially more likely to be significant 

due to error cancellations of the methods.  

Figures 3a-d shows the full distributions of ΔΔGMUT values obtained for the model of apo-

APP-C99 (2LLM) and when bound to γ-secretase (holo-APP-C99, 6IYC) for the four studied 

methods. Three of the methods indicate that the mutations are more destabilizing when in the 

context of the protein complex (except I-Mutant3.0). The t-test for same mean ΔΔGMUT of the 

apo- and holo-structures showed significant results (95% confidence level) for the holo-

structures using three of the methods (except I-Mutant3.0) (Supplementary Tables S3-S7). 

The mean ΔΔGMUT values for the apo-structure were 0.35, 0.47, 0.46 and 0.97 kcal/mol using 

FoldX, POPMUSIC, mCSM, and I-Mutant3.0, respectively. The corresponding mean values 

for the holo-structure were 1.21, 1.09, 0.89, and 0.80 kcal/mol. Even though I-Mutant3.0 did 

not produce significantly larger destabilization in the holo-structure, it did produce substantial 
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destabilization in both structures caused by mutation. For FoldX, a p-value (one-tailed) of 0.06 

was obtained; when one major outlier was removed from the apo- and holo-dataset 

(Supplementary Table S4), the p-value was 0.02. The p-values for POPMUSIC, mCSM 

Stability and I-Mutant3.0 were 0.01, 0.02 and 0.14. Accordingly, we conclude that there is 

consensus among the methods that fAD mutations tend to destabilize the complex more than 

the free separate proteins.  

 

APP-C99-mutations reduce the binding affinity to γ-secretase 

γ-secretase sequentially cuts APP-C99 to form Aβ peptides of varying length[8–11]. The 

transmembrane segment of APP-C99 (C83 in 6IYC[34]) interacts closely with the catalytic 

PS1 subunit, and we thus expect that the mutations will affect the free and bound states 

differently. A larger destabilization in the complex could imply that the mutations reduce the 

substrate binding affinity, which would affect the retention time and thus extent of cleavage of 

APP-C99, which controls the Aβ42/Aβ42 ratio according to the FIST model[27,28]. This model 

is supported by the measurements of reduced enzyme-substrate interactions[62] and by MD 

simulations of wild-type γ-secretase in the membrane bound to full APP-C99[26], which binds 

more weakly than C83 used in the experimental structure[34]. We thus hypothesized that the 

fAD mutations may affect the Michaelis constant KM of the γ-secretase-APP complex since 

KM scales with the binding affinity of the substrate in the enzymatically active pose[26,63,64].  
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Figure 3. Distribution of stability effects (ΔΔGMUT) of transmembrane APP-C99 

mutations. Results are shown for C99 alone (apo-APP-C99, 2LLM) and in complex with γ-

secretase (holo-APP-C99, 6IYC). The white dots represent the median (positive ΔΔGMUT 

values are destabilizing). a) FoldX. b) POPMUSIC. c) mCSM Stability. d) I-Mutant3.0. e) 

ΔΔGbind calculated as the difference between ΔΔGMUT (holo) and ΔΔGMUT (apo) for each mutation 

using FoldX, POPMUSIC, mCSM Stability and I-Mutant3.0. f) ΔΔGbind of mutation calculated 

using BEATMUSIC and mCSM PPI with structure 6IYC. g) Comparison of ΔΔGbind for APP-

C99 mutations vs. 202 control mutations using BEATMUSIC; h) Same as g) using mCSM PPI.  
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To test this hypothesis, we calculated the distribution of the difference between the 

ΔΔGMUT energies of the holo (6IYC) and apo-APP-C99 (2LLM) structures (ΔΔGbind = 

ΔΔGMUT(holo) − ΔΔGMUT(apo); Figure 3e). These calculations consistently suggest a weakened 

enzyme-substrate interaction upon mutation for all the four methods. To test this finding 

further, we calculated the change in binding affinity due to pathogenic APP-C99 mutations in 

the holo-structure (6IYC) using two methods, BEATMUSIC and mCSM PPI, which were 

specifically developed for this purpose. Both these methods consistently showed a decrease in 

binding affinity/interaction for almost all pathogenic mutations (except I716F and V717F using 

mCSM PPI), Figure 3f. These results show that the pathogenic transmembrane APP-C99 

mutations consistently tend to decrease the binding affinity and interaction of APP-C99 with 

γ-secretase, as also implied by the larger destabilization seen for the complex than the free state 

of APP-C99, in support of the FIST model[28]. Importantly, in addition to agreeing on this 

consensus despite major differences in the methods, the energy effects obtained by the stability 

predictors (Figure 2 and Figure 3a-3d) and those from the binding affinity methods (Figure 

3f) are similar, typically 0-3 kcal/mol, although the BEATMUSIC estimates tend to be larger.  

Since the 202 random control mutations also tend to decrease binding affinity, the loss of 

affinity was not significantly different for pathogenic and random mutations in the APP-C99 

transmembrane domain (Figures 3g and 3h and Supplementary Tables S8 and S9). In fact, 

when using mCSM PPI, random mutations destabilized the complex significantly more than 

the pathogenic mutations. This is consistent with the fact that essentially all TM mutations in 

APP-C99 impair substrate binding due to their localization at the exact optimized substrate 

binding pocket[34]. This makes APP-C99 mutations distinct from PS1 mutations, which tend 

to delocalize over a wide area, and we conclude that any natural variation in this part of APP-

C99 will be likely to destabilize affinity towards the optimized binding site.  

The KM of γ-secretase is unusually large (0.2 mM) for a substrate the size of APP-C99 and 

the kcat has been reported to be very small (0.0012 s-1)[25]. Since substrate cleavage by γ-

secretase is also sloppy, producing products of variable length, an impairment of the KM of 

pathogenic APP-C99 mutants, as found above, will probably reduce the trimming of APP-C99 

and increase the Aβ42/Aβ40 ratio[65]. We note that mutations may also lower KM to produce 

overload of Aβ, as seen e.g. for the Swedish APP-double mutant, but it is a rare exception to 

the tendency of impaired substrate-enzyme interaction. Both mechanisms may relate to AD, 
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since the balance of Aβ isoform may be more important[9,32] than simply overload as 

emphasized by the original amyloid cascade hypothesis[11]. 

 

PS1 mutations strongly reduce protein stability but not APP-C99 affinity 

To analyze whether pathogenic PS1 mutations exhibit a similar effect on the binding affinity 

of APP-C99, we analyzed these mutations in the same way, in both the apo (5FN2) and holo 

(6IYC) states. Notably, we found similar destabilization in both states (Supplementary Figure 

S8), with no significant difference for the two structures (Supplementary Tables S10-S13). 

This implies that the PS1 mutations substantially destabilize the protein but do so to the same 

extent in both the apo- and holo-structures, assuming that the experimental structures are in the 

pathogenically relevant states. The conformational changes upon substrate binding are 

substantial in terms of geometry[34], but we show that the differences translate into small 

energy differences for the PS1 mutations, in stark contrast to the APP mutations, indicating 

that they may work by two different mechanisms. 

According to our analysis, PS1 mutations do not cause fAD by reducing APP-C99 

substrate affinity as seems the case for the APP mutations. However, PS1 mutations 

consistently reduce the stability of both apo- and holo-structures, and this loss of stability could 

be a direct, but distinct, cause of disease. To confirm that this destabilization is significant we 

used a t-test to compare the ΔΔGMUT of pathogenic PS1-TM mutations against a control set of 

all possible mutations in all sites that are naturally variable as deduced from sequence 

alignment of PS1 to related proteins. As explained in Methods, we propose this control data set 

as the golden-standard for testing disease hypotheses when a critical amount of clinically 

confirmed non-pathogenic variants is not available, as is the case here. 

We note that randomly introduced mutations in proteins tend to be destabilizing by perhaps 

1 kcal/mol on average [66], reflecting the fact that protein stability is an evolutionarily 

optimized property that is impaired by random perturbation. It follows that most computational 

stability estimators will tend to produce more destabilization than stabilization, and this can 

make conclusions of destabilization by disease-causing mutations uninteresting if not 

compared against a control set.  

Figure 4 shows the evaluation of the ΔΔGMUT energies of the PS1 pathogenic dataset (147 

mutations) against the control set (3048 mutations). The average destabilization due to 

pathogenic mutations is significantly higher than for the control mutations in both the apo-
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structure (5FN2) and holo-structure (6IYC) using all the four distinct methods 

(Supplementary Tables S14-S21). For the apo-structure, average ΔΔGMUT values of 2.26, 

1.01, 1.10, and 1.15 kcal/mol are estimated for the pathogenic mutations, significantly higher 

than for control dataset with values of 1.65 (p-value 0.01), 0.88 (p-value 0.03), 0.98 (p-value 

0.04), and 0.99 kcal/mol (p-value 0.0002) when calculated using FoldX, POPMUSIC, mCSM, 

and I-Mutant3.0, respectively. Similar results were obtained with the holo-structure with even 

more significant p-values of 0.0005, 0.0004, 0.01, and 0.00002 for FoldX, POPMUSIC, 

mCSM, and I-Mutant3.0, respectively. Thus, the pathogenic PS1 mutations significantly 

destabilize the enzyme-substrate complex but also destabilize PS1 when APP-C99 is not 

bound; in both cases, the results are highly significant and robust to both variations in method 

choice and structure input. Because of this general destabilization effect, we expect less activity 

of mutant PS1, as has indeed been observed in assays by Sun et al.[29] 

When we compared the ΔΔGMUT energies of the APP-C99 control dataset (202 mutations) 

with the pathogenic dataset (18 mutations), we did not find any significant differences 

(Supplementary Tables S22-S29 and Figure S9). Again, this probably reflects the fact that 

all TM mutations in APP tend to impair substrate binding to the evolutionarily optimized 

binding site, because of their location in the exact substrate binding site[34]. 

The membrane environment may affect protein destabilization upon mutation. Since the 

methods used do not consider the membrane environment, we divided the APP-C99 mutation 

positions into two groups, those likely to interact with the membrane and those likely to mainly 

interact with PS1. To do this, we built a homogenous POPC lipid bilayer on the 6IYC structure. 

The residues forming direct contacts within 4 Å of C83 were analyzed. Out of the total ten 

positions, nine exclusively interact with PS1 and one position, L705, where only one mutation 

L705V occurs, interacts with both PS1 and POPC. Therefore, the APP-C99 mutations studied 

in this work are in contact with PS1 and not very affected by the presence of a membrane. 

For PS1 (6IYC), we identified the mutation positions forming direct contact with the 

POPC bilayer. In total, the studied 147 mutations occur at 85 positions, out of which 25 

positions directly interact with the POPC membrane (Supplementary Table S2). These 25 

positions included 37 out of 147 mutations. This shows that most of the transmembrane 

pathogenic mutations (107 out of 147 mutations) occurred at positions that do not directly 

interact with the membrane, but that the overall membrane-protein system plays a larger role 

in understanding PS1 mutations than APP mutations, as also expected from previous 

studies[67,68]. Since the membrane coordinates are not generally present in the experimental 
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cryo-EM structures, this is one of the major rationales for studying these proteins by molecular 

dynamics in the membrane, where the membrane creates a two-state situation in the holo-state 

which largely explains the sloppy APP-C99 cleavage.[26]  

 

 

Figure 4. ΔΔGMUT effects (kcal/mol) of 147 pathogenic transmembrane PS1 mutations 

and 3048 control mutations, calculated using four methods. The white dot inside the box 

and whisker plots shows the median. (a) Apo-structure (5FN2). (b) Substrate (C83)-bound 

holo-structure (6IYC).  

 

Aβ42/Aβ40 ratio correlates with ΔΔGMUT of pathogenic PS1 TM mutations in the holo state 

To understand whether the much explored Aβ42/Aβ40 ratios of PS1 mutations correlate with 

mutant stability, we compared available Aβ42/Aβ40 ratios[29] for the studied mutations 

(Supplementary Table S2) with the ΔΔGMUT energies of both the PS1 apo-structure (5FN2) 

and holo-structure (6IYC) (Supplementary Figures S10-S13). 56 Aβ42/Aβ40 ratios were 

available for mutations in sites covered by the structures. The Aβ42/Aβ40 ratios resemble 

equilibrium constants and we thus converted them to the log10 scale in order to compare to the 

free energies. For the PS1 apo-structure, the correlation was not significant for any of the 

methods (Figure S10), although mCSM was significant after removing one outlier (Figure 

S11). This suggests that the stability effect on the apo state of PS1 is not the cause of the 

increased Aβ42/Aβ40 ratio.  
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Figure 5. The proposed two different mechanisms of action of AD-associated pathogenic 

APP-C99 and PS1 transmembrane mutations. APP-C99 (C83) is shown in green ribbons 

with mutation positions represented in red colored stick model and labelled with residue 

information. The PS1 transmembrane segments are shown in cyan ribbons and numbered from 

1-9, with mutation positions colored as orange. The substrate APP-C99 (S) shows a decrease 

in binding affinity (Kb) to PS1 (E) upon mutations. Mutations in PS1 decreases the 

protein/enzyme (E) folding stability. Both these mechanisms may probably cause an early 

release of the substrate/product thereby increasing the Aβ42/Aβ40 ratios.  

 

For the PS1 holo-structure, the correlation was significant (95% confidence) after removal 

of one outlier for all methods except POPMUSIC (Figures S12 and S13). FoldX, mCSM 

Stability, and I-Mutant produced R2-values of 0.14 (p-value 0.004), 0.12 (p-value 0.01), and 

0.08 (p-value 0.03). POPMUSIC instead gave R2 = 0.06, with p-value 0.07. Considering the 

noise in the experimental assayed data[29], the structural resolution and associated noise[34], 

and the 1 kcal/mol random errors in the computational methods[56,58,61], the small R values 

are expected, yet the p-values are significant and the direction of correlation is meaningful and 

largely independent of method. These results indicate that when using the new holo-structure 

of γ-secretase as input[34], Aβ42/Aβ40 ratios relate to the stability effects caused by mutations 

as hypothesized previously[28], and in general, Aβ42/Aβ40 increases with decreased protein 

stability. The better correlation for the holo structure probably reflects that this is the state that 

is actually responsible for producing Aβ and thus probably quantifies a real chemical impact 

of mutation on the different conformations of PS1 in holo (6IYC) vs. apo (5FN2) induced by 

the substrate binding. For the studied APP-C99 mutations, the number of experimental 
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Aβ42/Aβ40 ratios are too few (Supplementary Table S1) to make a meaningful test, and these 

correlations were accordingly not significant (Supplementary Figure S14).  

Based on the structure-based calculations performed using six methods in this work, the 

probable mechanisms of action of the APP-C99 and PS1 transmembrane pathogenic mutations 

in relation to γ-secretase are summarized in Figure 5. Both types of mutations destabilize the 

protein. However, most APP-C99 mutations destabilize the complex more, due to their location 

in the substrate binding pocket, and thus reduce substrate affinity (Kb), which leads to earlier 

release of the substrate or its intermediate products, imprecise cleavage, reduced trimming, less 

total Aβ, and relatively more of the long Aβ peptides caused by less average trimming of each 

APP-C99 substrate. An exception to this tendency is the Swedish mutation, which increases 

total Aβ by affecting β-secretase rather than γ-secretase. Some mutations in PS1 do the same 

as seen from the data. They generally destabilize the protein to produce a less stable and active 

enzyme, which, as shown by Sun et al. also correlates with increased Aβ42/Aβ40 ratios[29]. The 

destabilization of PS1 mutations was previously suggested to correlate with Aβ42/Aβ40 ratio by 

computation[28], and later confirmed experimentally for five mutants[62]. Based on the strong 

consensus of the diverse methods and trusting the experimental structures as input, we conclude 

that this mechanism is not isolated to a few mutants but is almost universal. 

To obtain an overview of the qualitative effects of the fAD mutations, the pathogenic TM 

mutations in APP-C99 and PS1 were categorized into four groups based on ΔΔGMUT as (i) 

destabilizing both the apo- and holo- γ-secretase, (ii) stabilizing both apo- and holo-γ-secretase, 

(iii) destabilizing apo- and stabilizing holo-γ-secretase, and (iv) stabilizing apo- and 

destabilizing holo-γ-secretase (Supplementary Figure S15 and Tables S30 and S31). By far 

the majority of mutations are predicted to be destabilizing in both the apo and holo structures 

(category i), with only a few mutations belonging to the other three categories (ii, iii and iv). 

We expect false positives considering the uncertainties in the theoretical methods and cryo-EM 

structures, but the tendency is very strong regardless. For PS1, 110-144 of the 147 pathogenic 

TM mutations belong to category i, depending on method used, and 95 of these mutations, a 

clear majority, were common to the methods despite their diversity (Table S31).  

 

Conclusions 

In this work, we studied the impact of fAD-causing mutations in the transmembrane regions of 

PS1 and APP-C99 by four very different computational protein-stability methods and two 
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substrate affinity methods. We used the available structures of a fragment of APP-C99 alone, 

of γ-secretase without substrate bound (apo-state), and γ-secretase bound to APP-C83 (holo-

state), as recently published[34]. We considered all mutations that occurred in sites common 

to all available experimental structures, which provide a non-arbitrary test of the impact of 

mutations on the different structural states. The main conclusions of the study are:  

(1) Pathogenic transmembrane mutations in APP-C99 destabilize the protein both in the 

free form and in complex with γ-secretase (holo-state), but significantly more in the latter. 

Thereby, APP-C99 mutations consistently decrease the affinity of the substrate for γ-secretase 

as confirmed by two independent methods developed specifically for this purpose. 

(2) Pathogenic transmembrane mutations in PS1 destabilize both the apo- and holo-

structures to a similar extent. 

(3) The PS1 pathogenic transmembrane mutations consistently destabilize PS1 more than 

other possible mutations in variable sites of the protein, with very significant p-values when 

using both the apo- and holo-structures. 

Our findings suggest that the PS1 mutations are too scattered even in the TM part of PS1 

to consistently affect substrate affinity, whereas they consistently reduce protein stability of 

both apo- and holo states. In contrast, the APP mutations are located very much in the site of 

interaction with PS1 and thus exert a direct effect on substrate binding affinity. This difference 

in localization can explain our findings that the two types of fAD mutations work in distinct 

ways, and may also potentially explain why the clinical and biochemical manifestations of the 

two types of fAD mutations differ to some extent. 
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