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An integrated, scaled approach to resolve
TSC2 variants of uncertain significance

Carina G. Biar 1,11, Ziyu R. Wang2,11, Nathan D. Camp 3,11, Daniel L. Holmes2,
Melinda K. Wheelock2, Sriram Pendyala 2, Abby V. McGee 2,
Pankhuri Gupta 2, Abbye E. McEwen2,4, Malvika Tejura2,
Marcy E. Richardson 5, Jamie D. Weyandt 5, Taylor Coleman5,
Alan F. Rubin 6,7, Nick Moore 6, Ross Stewart 8, Daniel Zeiberg8,
Allyssa J. Vandi2, Samantha Dawson3, Predrag Radivojac 8, Lea M. Starita 2,4,
Gemma L. Carvill 1, Richard G. James 3,9,11 , Douglas M. Fowler 2,4,10,11 &
Jeffrey D. Calhoun 1,11

Obtaining a precise genetic tuberous sclerosis complex diagnosis is a chal-
lenge as many missense TSC2 variants are variants of uncertain significance.
Variants of uncertain significance in TSC2 have been resolved by one-at-a-time
functional assays, but these assays cannot scale to the 3634 TSC2 missense
variants of uncertain significance observed so far. To address this challenge,
we use massively parallel sequencing to measure the steady-state abundance
of almost 9000TSC2missense variants anddevelop anmTORpathway activity
assay using genome editing and cell sorting to generate activity scores for 391
missense variants. We observe that 1256 of 8864 (14.17%) missense variants
assayed have altered TSC2 abundance, and 69 of 391 (17.65%) missense var-
iants assayed have alteredmTOR pathway activity. Calibration and integration
of these data into classification of variants identified in a clinical cohort
putatively reclassifies 212 of 276 (76.8%) TSC2 missense variants of uncertain
significance. These datasets will lead to improved genetic diagnosis of tuber-
ous sclerosis complex with potential positive impacts on the clinical man-
agement of patients and their families.

Tuberous sclerosis complex (TSC) is a genetic disorder affecting
multiple organ systems including the brain, lung, kidneys, and skin.
Hallmark manifestations include, but are not limited to, epilepsy and
benign tumors. TSC is caused by pathogenic variants in two mTOR
pathway genes, TSC1 and TSC21,2. TSC1 and TSC2 are also listed on the
American College of Medical Genetics (ACMG) secondary finding list,

as driver mutations in these genes are associated with increased risk
for developing certain cancers such as early-onset renal cell
carcinoma3. TSC2 interacts with TSC1 and the TSC1-TSC2 complex
(TSCC) acts as a negative regulator ofmechanistic target of rapamycin
complex 1 (mTORC1) signaling4. The TSCC is a GTPase-activating
protein with specific activity for Rheb, a GTPase which modulates
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mTORC1 activity5. The protein-protein interaction between TSC1 and
TSC2 stabilizes TSC2 in the cell6. The TSC2 C-terminal Rheb GAP
domain regulates catalytic activity of RHEB5. Protein structure studies
describe the TSCC as having a scorpion-like or arch-shaped structure
composed of a TSC1 dimer, a TSC2 dimer, and a single molecule of
TBC1D77,8. A particular key residue, N1643, is the asparagine thumb
which mediates the Rheb GAP activity of TSC28,9.

Genetic diagnosis plays a major role in confirmation of a clinical
diagnosis of TSC which can be challenging due to phenotype varia-
bility (Fig. 1A)10,11. Genetic diagnosis of TSC increases access to preci-
sion treatments such as rapamycin analogs which inhibit mTOR12. Of
the 5011 missense variants of TSC2 in ClinVar, 174 (3.47%) are patho-
genic or likely pathogenic (PLP), 223 (4.45%) arebenignor likelybenign
(BLB), but 4614 (92.08%) are either variants of uncertain significance
(VUS) or have conflicting classifications. VUS arise when there is
insufficient evidence to classify a variant as either pathogenic or
benign or, more rarely, when there is conflicting evidence. Some TSC2
VUS have been resolved by adding evidence from low-throughput
functional studies in cell-based assays13–19. This important work
describing how TSC2 missense variants impact mTORC1 activity and
TSC2 protein abundance in cell-based assays is the current gold stan-
dard and has been used formany years to inform variant classification.
However, the rapid accumulation of VUS is incompatible with the
throughput of these classical cell-based assays. Meanwhile, multi-
plexed assays of variant effect (MAVEs), which harness high-
throughput DNA sequencing to functionally characterize thousands
of variants simultaneously, offer a tangible solution20.

We developed two complementary MAVE-based approaches to
resolve TSC2 VUS (Fig. 1B, C; Table 1). Somepathogenic TSC2missense
variants exhibit reduced protein abundance in heterologous systems,
making abundance a promising molecular phenotype for identifying
benign and pathogenic variants13–16,19. Additionally, TSC2 functions as a
negative regulator of mTORC1 signaling, making phosphorylation of
the mTORC1 effector S6 (pS6) a direct readout of TSC2 activity. To
measure TSC2 protein abundance, we employed variant abundance by
massively parallel sequencing (VAMP-seq), which measures steady-

state protein abundance by fusing variants to GFP followed by
fluorescence-activated cell sorting (FACS) and sequencing21. To assess
TSC2 activity, we used endogenous genome editing combined with
FACS for pS6, similar to our previous work on another mTOR pathway
gene, SZT222. The editing approach overcomes the inability of VAMP-
seq to capture splicing variants. Given the variable phenotypic
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Fig. 1 | Prioritization of tuberous sclerosis complex related gene TSC2 for
generation of multiplexed assays of variant effect. A Major factors influencing
prioritization of TSC2 for MAVE development. Created in BioRender. Calhoun, J.
(2026) https://BioRender.com/9epqzkz. B Introduction of three TSC2 MAVEs.
Variant effect data for TSC2 abundance were generated using a VAMP-seq

workflow. Two independent assays of TSC2 activity were performed in both pri-
mary donor T cells as well as HAP1s. Created in BioRender. Calhoun, J. (2026)
https://BioRender.com/6iwt6aw. C Diagrams demonstrating known functional
domains of TSC2 as well as the regions targeted by the TSC2 MAVEs reported
herein.

Table 1 | Overview of three TSC2 MAVE datasets

VAMP-seq SGE cliPE

Library type cDNA Genome editing
(CRISPR/Cas9)

Genome editing
(prime editing)

Coverage Saturation Saturation Targeted

TSC2 variants
(Total
missense)

8,864 268 153

Selection TSC2
abundance

TSC2 activity
(mTORC1 activity
via pS6 FACS)

TSC2 activity
(mTORC1 activity
via pS6 FACS)

Cell line/type Landing pad
HEK 293T

Primary donor
T cells

HAP1

Codons
targeted

554–757
1512–1805

1633–1646
1672–1689
1777–1793

534–543
602–611
1232–1246
1571–1584
1675–1686
1766–1777
1785–1797

VAMP-seq regionswere selectedwith a primary focus on theRhebGAPdomain. In addition to its
known functional role, theRhebGAP region is enriched for knownpathogenicmissense variants.
However, pathogenic missense variants are scattered across TSC2. As such, we included an
additional N-terminal region spanning known recurrent pathogenicmissense variants at residue
R611. cliPE regions were selected primarily based on the density of missense VUS present in
ClinVar24. The regions for SGE were primarily chosen based on recent protein structure studies
detailing the TSC2 Rheb GAP domain8,9. Based on these studies, we chose a region surrounding
key active site residue N1643. We also prioritized regions covered in VAMP-seq tomaximize our
ability to generate both abundance and activity data for as many residues as possible, and
selected two other regions in the Rheb GAP domain for this purpose. We also prioritized over-
lapping at least one region with cliPE to investigate possible cell-type-specific variant effects.
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presentation of TSC even among individuals with identical variants, we
implemented these TSC2 activity assays in two cell types. In primary
T cells isolated from healthy donors, we used a cloning-free saturation
genome editing (SGE) approach23. In haploid HAP1 cells, we employed
curated loci prime editing (cliPE), which uses prime editing to target
specific regions enriched for VUS24.

We measured the effect of 9812 missense, synonymous, and
nonsense variants on abundance using VAMP-seq and 522 variants on
pS6 levels using SGE and cliPE. We observed that 1256 missense var-
iants reduced TSC2 abundance and 69 missense variants reduced
TSC2 activity. Of these 69 variants, 34 altered both TSC2 abundance
and mTORC1 activity. However, 31 variants reduced TSC2 activity but
not abundance, and these variants clustered around the active site of
the Rheb GAP domain. To reassess TSC2 VUS, we developed a decision
tree-based model to combine data from the assays. This model makes
an initial assignment based on TSC2 abundance. Variants with an initial
classification of functionally normal or indeterminate are replaced if
SGE or cliPE data for that variant exists. OddsPath calibration is used to
assign evidence strength, which varies from moderate evidence of
benignity to strong evidence of pathogenicity depending on which
assay is used for the final classification within the decision tree. We
tested our decision tree method using 340 variants from a clinical
cohort derived from a large commercial genetic diagnostic laboratory
with an ACMG/AMP variant classification framework. We putatively
classified 199 (72.1%) variants as likely benign, 13 (4.7%) as pathogenic/
likely pathogenic, and 64 (23.1%) remained VUS. PS3/BS3 functional
evidence codesderived fromTSC2MAVEdata contributed to91% (193/
212) of classifications. Herein, we report the results of these three TSC2
MAVE datasets and discuss how these data will facilitate the resolution
of missense TSC2 VUS.

Results
Development of multiplexed assays of variant effect for TSC2
Based on previous reports demonstrating loss of variant abundance
as a common pathogenic mechanism for TSC2 missense variants, we
were interested in developing a high-throughput assay of TSC2
abundance13–19. VAMP-seq, a well-validated and high-throughput
assay of variant effects on protein abundance, utilizes a library of
barcoded, fluorescently-tagged variants integrated at single copy in
the host genome of cells using a defined landing pad and Bxb1-
mediated integration (Fig. 1B)21. Pilot VAMP-seq experiments showed
WT TSC2-GFP expressing cells were separable from cells expressing a
premature termination codon (PTC) variant (Supplementary Figs. 1,
2). Cells expressing a pilot library of theWT reference TSC2 allele and
47 unique variants (n = 20 PTC variants; n = 27 missense variants)
were distributed broadly with a peak corresponding to cells with low
TSC2-GFP abundance (Supplementary Fig. 3). We sorted cells into
bins based on GFP fluorescence and performed amplicon sequencing
to confirm that WT expressing cells were enriched in high GFP bins
while PTC variants were enriched in low GFP bins (Supplementary
Fig. 4). Based on these results, we proceeded to perform VAMP-seq at
saturation scale (Supplementary Figs. 5, 6). We selected two regions
of TSC2 to focus on (Table 1): (1) an N-terminal region containing
residue 611 with four recurrent pathogenic missense variants and (2)
the full Rheb GAP domain, a domain critical for the TSCC’s negative
regulation of mTORC1 activity. We normalized the TSC2 abundance
data such that increasing scores approaching 1 indicate normal
abundance whereas low scores near 0 indicate low abundance21.
Synonymous TSC2 variants (n = 364) were distributed with a rela-
tively narrow range of scores (mean = 0.992; standard deviation =
0.103) (Fig. 2A). In contrast, the scores for missense variants
(n = 8864) were bi-modally distributed (mean = 0.755; standard
deviation = 0.348), with one subpopulation overlapping synonymous
variants. Somemissense variants had intermediate abundance scores
(<0.75 and >0.25), suggesting that they may be hypomorphic in

terms of protein abundance. We observed that 1256 of 8864 (14.17%)
missense variants had low abundance (<0.25) in the VAMP-seq assay.
For example, the known recurrent pathogenic missense variants at
position 611 (R611W, R611Q, and R611G) all exhibit loss of abundance.
Of the remaining variants, 5530 (62.39%) missense variants had
normal abundance; the remaining 1854 (20.92%) missense variants
were considered indeterminate. We investigated whether any mis-
sense variantsmight exhibit increased abundance and found that 224
(2.53%) missense variants may have increased protein abundance
(TSC2 abundance >= 1.2, exceeding two standard deviations above
the mean for synonymous variants). However, it is unclear if these
variants impact TSC2 activity. Only one variant (p.Gly1642 Asp)
among these is known to be pathogenic and had low activity in the
SGE assay. To better visualize the nuanced relationships between
individual substitutions and abundance, we plotted the abundance of
each possible amino acid by row and each numbered TSC2 residue by
column as a heatmap (Fig. 2B). The example here was selected to
highlight R611 with multiple recurrent PLP variants (see Supple-
mentary Figs. 5, 6 for comprehensive heatmaps of all substitutions
assayed).

We designed TSC2 activity MAVEs around genome editing of the
endogenous TSC2 locus by either cloning-free SGE or prime editing
followed by sorting cells by the abundance of pS6, a biomarker of
mTORC1 activity (Fig. 1B)23,24. Based on prior workwithmTORpathway
member SZT2, we anticipated edited cells with variants causing loss of
TSC2 activity would be enriched in cells with high levels of pS622. As a
proof-of-concept for a TSC2 activity MAVE, we first performed pilot
experiments with a single guide RNA targeting TSC2 exon 17. We
demonstrated that cells with nonhomologous end joining induced
indels causing frameshifts and therefore loss of TSC2 activity had
higher levels of pS6 relative to untransfected cells (Supplementary
Figs. 7, 8). Based on this, we next generated libraries of variants using
two methods in both primary T cells and HAP1 cells to capture
potential cell-type specific variant effects. Regions targeted for cliPE
were selected using 10 codon stretches with maximal density of VUS
present in ClinVar24. Recent structural studies guided the selection of
regions targeted for SGE to focus on active site residues within the
Rheb GAP domain8,9. We generated TSC2 activity scores for 522 var-
iants, including 391missense variants, 64 synonymous variants, and 67
PTC variants (Supplementary Figs. 9, 10). In these activity MAVEs, the
score based on mTORC1 activity is inversely proportional to TSC2
activity, as TSC2 is a negative regulator of MTOR. Thus, larger scores
indicate low TSC2 activity (high pS6 level; mTORC1 active; TSC2
inactive), and vice versa.

The activity scores of synonymous and PTC variants comprised
distinct populations with non-overlapping distributions, showing
these assays distinguished functionally normal from functionally
abnormal variants (Fig. 2A). The activity score distributions for all
missense variants were bimodal with one mode overlapping the
synonymous variant distribution and the other overlapping the PTC
variant distribution, revealing that some missense variants retain
activity while others have abnormal activity. We observed that 52 of
268 (19.4%) missense variants exhibited abnormal activity in the SGE
assay while 22 of 153 (14.38%) missense variants had abnormal activity
in the cliPE assay. Known recurrent pathogenic missense variants at
position 611 (R611W, R611Q, and R611G) all exhibit loss of activity in the
cliPE assay. Similarly as above for abundance, we plotted the activity of
each possible amino acid by row and each numbered TSC2 residue by
column as a heatmap (Fig. 2B). The SGE example shown here was
selected to highlight one of the Rheb GAP regions assayed (see Sup-
plementary Fig. 9 for comprehensive heatmaps of all substitutions
assayed). The cliPE example shown herewas selected to highlight R611
with multiple recurrent PLP variants and show overlapping assayed
variants with VAMP-seq (see Supplementary Fig. 10 for comprehensive
heatmaps of all substitutions assayed).

Article https://doi.org/10.1038/s41467-026-75442-6

Nature Communications | (2026) 17:8474 3

www.nature.com/naturecommunications


TSC2 variant abundance and activity are strongly correlated
We next analyzed the relationship between TSC2 variant abundance
(VAMP-seq) and activity as measured in primary T cells and
HAP1 cells (Fig. 3). Abundance was strongly correlated with activity in
primary T cells (Pearson correlation = −0.57) and in HAP1 cells
(Pearson correlation = −0.69, Fig. 3A, C). The SGE and cliPE datasets
correlate very strongly with a coefficient of 0.92, suggesting few if

any cell-type-specific variant effects (Supplementary Fig. 11). Thus,
the majority of variants have concordant effects on abundance and
activity as well as on activity between cell types. We observed 31
variants which exhibited normal abundance yet reduced activity, and
we hypothesized that these variants directly impacted TSC2 catalytic
activity. Indeed, these were located near the active site of the Rheb
GAP domain (Fig. 3B, D)9. Only residues within an alpha helix, the
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beginning of the adjacent beta sheet, or the linker region between
these two secondary structure elements resulted in reduced activity
variants that retained normal abundance. Of these inactive yet
abundant variants, all but one mapped to highly evolutionarily con-
served residues.

We next investigated the relationship between our multiplexed
TSC2 measurements and measures of evolutionary conservation.
VAMP-seq abundance measurements weakly correlated (Pearson cor-
relation coefficients between −0.18 and −0.29) with evolutionary
conservation metrics (Fig. 4A). Activity scores were weakly to

Fig. 2 | TSC2 variant abundance and activitymapping. ADistributions of variant
effect scores by variant class. (Left) The threshold for low abundance is denoted by
a vertical reddotted linewhile the threshold for normal abundance is designatedby
the vertical green dotted line. The regions of scores corresponding to low, inde-
terminate, or normal abundance are also annotated above the plot. (Middle and
right) The threshold separating variants with normal or low TSC2 activity is
denotedby a vertical blue line and the corresponding regions are further annotated
above each plot. SYN synonymous, PTC premature termination codon, MIS mis-
sense, Norm normal, Ind indeterminate, LoA loss-of-activity. B Example heatmaps
showing individual variant effect scores by amino acidposition for eachof the three
assays. Heatmaps comprehensive of all variants assayed are presented as Supple-
mentary Figs.. Colored highlighting behind heatmaps designate which assay is

shown based on color in Fig. 1C (VAMP-seq in orange; cliPE in purple; SGE in light
blue). Amino acid residues are grouped by biochemical properties. Positively
charged residues are annotated with a red box with dotted lines and negatively
charged residues are annotated with a blue box with dotted lines. A disordered
region is annotated with a brown box with dotted lines; substitutions within and
adjacent to this disordered region have little to no effect on TSC2 abundance. The
reference amino acid for each position is annotated with a small black circle. The
color map of each heatmap is annotated with the thresholds for each assay. Gray
boxes denote a variant that was not assayed. Norm Normal TSC2 abundance or
activity, LoA low abundance (VAMP-seq) or loss-of-activity (cliPE/SGE), Ind inde-
terminate abundance, Inc increased abundance.
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Fig. 3 | TSC2 abundance and activity are strongly correlated. A Scatterplot and
pairwise correlation (Pearson) of the VAMP-seq TSC2 abundance dataset with the
SGE TSC2 activity dataset. Solid red line is the line of best fit. Dotted lines and text
annotation indicate the assay thresholds separating variants with normal abun-
dance or activity from those with altered abundance or activity. Purple dots indi-
cate missense (MIS) variants while gray dots indicate synonymous (SYN) variants.
Synonymous variants fall within the quadrant of the plot with normal abundance
and normal activity. B Heatmaps showing all variant effect scores spanning amino
acid residues 1633–1646 of the Rheb GAP domain for VAMP-seq and SGE datasets.
Variantsmeeting criteria for loss of TSC2 activity without concomitant loss of TSC2
abundance are shown highlighted with black squares. Heatmaps are annotated as
described in Fig. 2B with the following exceptions: (1) secondary structure is

annotated above each heatmap to show amino acids which form either an alpha
helix, a linker region, or a beta sheet, (2) asterisk (*) designates the asparagine
residue (p.N1643) which is a critical active site for Rheb GAP domain function, (3)
regions of high evolutionary conservation are annotated with a green box with
dotted lines; most substitutions within and adjacent to this region have little to no
effect on TSC2 abundance. C Scatterplot and pairwise correlation (Pearson) of the
VAMP-seq TSC2 abundance dataset with the cliPE TSC2 activity dataset. Annota-
tions as described in panel (A). Synonymous variants fall within the quadrant of the
plot with normal abundance and normal activity. D Heatmaps showing all variant
effect scores spanning amino acid residues 1571–1584 of the Rheb GAP domain for
VAMP-seq and cliPE datasets. Annotations of the heatmap plots are as described in
panel (B).
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moderately correlated (Pearson correlation coefficients between 0.1
and 0.38) with measures of evolutionary conservation (Fig. 4A). We
used a pairwise randomization test where one scoreset was fixed and
the other was randomly shuffled. This randomization was repeated
1000 times and at each iteration the Pearson correlation coefficient
was computed to generate a null distribution of correlation coeffi-
cients. An example of this is shown for each TSC2 MAVE in Fig. 4C
(please see Supplementary Figs. 12–15 for all null distributions). The 0.1
correlation coefficient for cliPE and phastCons may be random as this
falls within the null distribution (Supplementary Fig. 12). The remain-
ing correlation coefficients either fall on the extreme end of the null
distribution or fall well outside the null distribution, which demon-
strates that the observed relationships are not due to chance.

We next asked whether our multiplexed TSC2 measurements cor-
related with variant effect predictor (VEP) scores. Previous analyses find
that MAVE data often correlates with VEP scores, though the strength of
this correlation varies by MAVE and by VEP25,26. We observed that TSC
abundance moderately correlated with VEP scores (Pearson correlation

coefficients ranging between −0.3 and −0.497); AlphaMissense showed
the strongest negative correlation among VEPs (Fig. 4B)27. In general,
activity scores were positively correlated with VEP scores, with Alpha-
Missense having the strongest correlation (Pearson correlation
coefficients between 0.34 and 0.75; AlphaMissense/SGE=0.71, Alpha-
Missense/cliPE = 0.75). We found that all of the correlation coefficients
computed fall well outside their respective null distribution; this pro-
vides statistical evidence supporting the relationships between TSC2
MAVE scores and VEP predictions (Supplementary Figs. 13–15). Overall,
AlphaMissense correlates most strongly with our abundance, SGE-
derived activity, and cliPE-derived activity datasets, suggesting it may be
the optimal VEP to calibrate and use to assign in silico pathogenicity
evidence in an ACMG/AMP variant classification framework.

Approximately one-third of residues assayed for abundance
were fully or partially intolerant to amino acid substitution
The VAMP-seq heatmaps suggested variability in tolerance to sub-
stitution across the regions assayed (Fig. 2B). We investigated this
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observation further and found that TSC2 residues could be broadly
categorized in three groups: (1) tolerant to amino acid substitution
(<20% of substitutions assayed resulting in loss of abundance), (2)
partially tolerant to substitution (between 20 and 60% of substitu-
tions result in low protein abundance), and (3) highly intolerant to
substitution (>60% of substitutions result in low protein abundance).
In total, 377 TSC2 residues were tolerant to amino acid substitution
(Fig. 5; Supplementary Fig. 16). We identified 48 residues which were
highly intolerant to amino acid substitution. The remaining residues
(n = 61) partially tolerate substitution. To better understand these
variants with reduced abundance, we analyzed them in the context of
the AlphaFold2 predicted structure for TSC2. Many tolerant residues
mapped to predicted disordered regions, such as between residue
650 and 680 (Fig. 2B). Similarly, many tolerant residues mapped to
the C-terminal region spanning residues 1724–1805, which is mostly
disordered. However, some predicted structured regions, such as the
alpha helix spanning residues 704–716, contained multiple tolerant
residues. Highly intolerant and partially tolerant residues mapped to
structured regions including alpha helices (such as residues
582–598) and beta sheets (such as residues 1646–1651). Examples of
residues highly intolerant and partially intolerant are 611 and 610,
respectively. Residue 611 is a well-known residue in the TSC genetics

field with 4 known ClinVar PLP variants (R611W, R611P, R611Q,
and R611G).

TSC2 variant effect data improve genetic diagnosis of TSC by
resolving missense VUS
We analyzed the abundance and activity scores of TSC2 missense BLB
(n = 54) and PLP (n = 80) control variants found in ClinVar (Fig. 6). For
both abundance and activity scores, BLB and PLP controls minimally
overlapped, with the exception of a proportion (31/80; 38.75%) of PLP
variants with normal abundance. The separation of PLP and BLB var-
iants by abundance and activity scores suggested that the data would
have utility for variant classification and VUS resolution. We further
confirmed this in the VAMP-seq abundance data using a unique set of
missense variants curated from LOVD, a well-curated database of TSC2
variants, and general population databases which would be expected
to be enriched for PLP and BLB variants, respectively (Supplemen-
tary Fig. 17).

The original Richards et al. ACMG/AMP variant classification fra-
mework which has been widely adopted allows for the use of a “well-
established functional assay” as evidence towards pathogenicity (PS3)
or benignity (BS3)28. However, precise guidance on what criteria qua-
lifies an assay as “well-established” and what strength of evidence to
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apply led to discrepancies in how PS3 and BS3 were applied by dif-
ferent clinical laboratories29. One widely used, and ClinGen-approved,
framework to address this is the Odds of Pathogenicity (OddsPath)
framework30. We evaluated the utility of functional data for pre-
liminary reclassificationofTSC2VUSusing theOddsPath framework. In
the OddsPath framework, an OddsPath calculation (Eq. (3)) is per-
formed which assesses how well an assay performs at distinguishing
known PLP and BLB missense variants from a truth set, a well-curated
database of variant classifications. We calculated the strength of evi-
dence generated by each dataset using the OddsPath approach
(Table 2)30. Under this framework, reduced abundance variants receive
strong evidence of pathogenicity (OddsPath 33.1; PS3_strong) and
normal abundance variants receive supporting evidence of benignity
(OddsPath 0.343, BS3_supporting). The VAMP-seq assay is not limited
by truth set variants (n = 134) and no ClinVar BLB variants are classified
as low abundance; taken together, these explain why the VAMP-seq
assay meets the criteria for strong evidence of pathogenicity. Impor-
tantly, some ClinVar PLP variants retain normal abundance, which
limits the VAMP-seq assay in terms of providing evidence exluding
pathogenicity. Reduced activity variants in either the primary T cell or
HAP1 activity assays received moderate evidence of pathogenicity
(OddsPath 4.5,5.6; PS3_moderate) andnormal activity variants in either

assay received moderate evidence of benignity (OddsPath 0.113,
0.094; BS3_moderate). The primary limiting factor here is number of
truth set variants evaluated (9 BLB and 10 PLP for cliPE; 6 BLB and 16
PLP for SGE). In the future, if these activity assays are expanded to
include additional truth set variants, we predict theymaymeet criteria
to be used at strong evidence strength for both pathogenicity and
benignity.

To combine evidence from the abundance and activity assays, we
developed a decision tree to guide how the data we present can be
used in the ACMG/AMP framework (Fig. 7A). Variants are first assigned
an initial PS3/BS3 evidence code based on the score for that variant in
the abundance assay. Then, this PS3/BS3 evidence code is adjusted, if
appropriate, based on the score of the variants in one of the activity
assays. We chose this approach because more variants were scored in
the abundance assay and this assay yields a higher maximum evidence
strength for pathogenicity. Using calibrated functional data together
with Ambry’s evidence and computational predictions, 212 of 276
(76.8%) TSC2 missense VUS with available functional data were puta-
tively reclassified under ACMG/AMP (v3.0) criteria (Supplementary
Data 1). Of these, 199 (72.1%) qualified as likely benign, 13 (4.7%) as
pathogenic/likely pathogenic, and 64 (23.1%) remained VUS. Compu-
tational evidence contributed to 90.5% (192/212) reclassifications, and
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Fig. 6 | ClinVar variants of known pathogenicity or benignity have distinct
distributions across TSC2 MAVE datasets. Distributions of variant effect scores
by ClinVar annotation. SYN synonymous, PTC premature termination codon, MIS
missense, Norm normal, Ind indeterminate, LoA loss-of-activity, VUS variant of
uncertain significance, PLP pathogenic or likely pathogenic, BLB benign or likely
benign. (Left) The threshold for low abundance is denoted by a vertical red dotted

line while the threshold for normal abundance is designated by the vertical green
dotted line. The region of scores corresponding to low, indeterminate, or normal
abundance are also annotated above the plot. (Middle and right) The threshold
separating variants with normal or low TSC2 activity is denoted by a vertical blue
line and the corresponding regions are further annotated above each plot.

Table 2 | Odds of pathogenicity (OddsPath) calculations for individual MAVE datasets

ClinVar BLB ClinVar PLP OddsPath_PS3 OddsPath_BS3

VAMP-seq 54a 80 33.1 (‘strong’) 0.343 (‘supporting’)

SGE 6 16 5.6 (‘moderate’) 0.094 (‘moderate’)

cliPE 9 10 4.5 (‘moderate’) 0.113 (‘moderate’)

OddsPath ranges mapping to evidence strength are based on a Bayesian implementation of the ACMG/AMP variant classification framework30,59. OddsPath_PS3 values > 18.7 = strong evidence
(VAMP-seq) in support of pathogenicity. OddsPath_PS3 between 4.3 and 18.7 =moderate evidence (cliPE and SGE) in support of pathogenicity. Similarly, OddsPath_BS3 values between 0.23 and
0.48 = supporting evidence (VAMP-seq) in support of benignity. OddsPath_BS3 values between 0.053 and 0.23 =moderate evidence (cliPE and SGE) in support of benignity.
aOne ClinVar BLB variant, p.S641I, was excluded from these calculations; please see Discussion for rationale.
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Fig. 7 | EmployingTSC2MAVEdata for resolutionofmissenseVUS ina standard
framework. A Proposed decision tree for utilization of MAVE datasets during
standard variant classification. Created in BioRender. Calhoun, J. (2026) https://
BioRender.com/xp2cvv3. B Points-based implementation of ACMG/AMP (v3.0)
variant classification for Ambry cohort. On the left are initial points-based classifi-
cations; on the right are final, putative points-based classifications using calibrated
in silico VEP evidence and PS3/BS3 evidence derived from the decision tree in panel

(A). This framework enabled putative reclassifications of VUS to either likely
pathogenic or likely benign, aswell as up- and downgrading some likely benign and
likely pathogenic variants. Putative variant reclassification also summarized in
Supplementary Table 2.C Putative variant classification using in silico VEP evidence
and PS3/BS3 evidence codes derived from the decision tree in panel (A). BS3/PS3
evidence codes enable reclassification of missense variants to either likely patho-
genic or likely benign.
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functional data contributed to 91% (193/212). Variants remaining VUS
had indeterminate functional results (n = 31), conflicting functional
and computational evidence (n = 23), or insufficient evidence for
reclassification (n = 10). The variant classification using this approach
is shown in Fig. 7B.

Many variants in our MAVE datasets were not in our clinical
dataset. Experimental and predictive data were used to determine
whether MAVE data could move these variants from VUS to other
categories (Supplementary Data 2 and Fig. 7C). Of 912 missense Clin-
Var VUS with variant effect data, we putatively classified 602 (66%)
variants as likely benign, 271 (29.7%) variants as uncertain, and 39
(4.28%) variants as likely pathogenic. Predictive data were available for
865 (94.85%) of ClinVar missense VUS. We similarly investigated
unobserved variants, or variants which have yet to be observed in an
individual in gnomAD or ClinVar. Of 7563 unobserved missense var-
iants, we assigned putative classifications of 3351 (44.31%) variants as
likely benign, 2752 (36.39%) variants as uncertain, and 914 (12.09%)
variants as likely pathogenic (Fig. 7C). Predictive data were available
for 7516 (99.38%) unobserved missense variants.

Discussion
We developed three multiplexed assays to resolve TSC2 VUS. We used
VAMP-seq to measure the abundance of 8864 unique missense var-
iants in an N-terminal portion of TSC2 and the full Rheb GAP domain
(Fig. 8A). We used SGE and cliPE to measure S6 phosphorylation, a
proxy for the activity of TSC2, on 522 variants in primary T cells and
HAP1 cells, respectively (Fig. 8A). Our data revealed that some variants
in the Rheb GAP domain cause loss of TSC2 activity with no change in
protein abundance. This suggests that TSC2 activity and abundance
data are complementary, which argues that generating variant effect
data for both abundance and activity is optimal for TSC2. In a clinical
cohort, we putatively reclassified more than 75% of VUS and variant
effect data contributed to over 90% of the reclassifications, demon-
strating the clinical utility of our MAVE datasets (Fig. 8B).

Our data can empower the precise genetic diagnosis of TSC by
reducing VUS burden and by providing evidence to avoid future VUS.
Reducing VUS in TSC2 is clinically meaningful because PLP variant
diagnosis can be used to prescribe mTOR inhibitor therapy, a first-line
therapy for TSC31. In addition, resolving VUS to PLP can increase
involvement in clinical trials for new precision therapies and empower
family planning. Resolving VUS to BLB can eliminate worry, prevent
unneeded treatment, or suggest the need for further genetic testing
and clinical workup. It is worth emphasizing that, from a clinical
genetics standpoint, the greatest strength of the TSC2 abundance
variant effect dataset is detecting pathogenic variants (specificity =
98.18%). While the assay generates evidence towards benignity at
supporting evidence strength (sensitivity = 61.25%), appropriate care
must be taken when using this benign evidence for variant
classification.

In the course of our work, we identified some possible errors
within ClinVar. First, p.S641I, labeled as a low abundance variant by
VAMP-seq, was classified as a benign variant in ClinVar. p.S641I has
been previously published as a pathogenic missense variant and fur-
ther listed as either likely pathogenic or pathogenic inmultiple unique
entries within the TSC2 LOVD database32,33. Second, p.S540P, a variant
with reduced TSC2 activity as measured in our cliPE assay, is listed as a
benign variant in ClinVar. Lastly, p.Q1686K is listed as a likely patho-
genic variant within ClinVar. We infer that the known pathogenic var-
iant p.Q1686P likely contributed to this classification of p.Q1686K.
However, in our primary T cell activity assay, p.Q1686P, but not
p.Q1686K, met criteria for abnormal activity. We also establish that
many residues in TSC2 are partially tolerant to amino acid substitution,
suggesting PM5 evidence should be used with caution for TSC2.

Our work has several limitations. First, VAMP-seq is a cDNA-based
assay and therefore is not appropriate for examining potential splice-
altering variants. SGE and cliPE, by contrast, are based on endogenous
editing and thus can capture the effect of splicing variants. Relatively
few (n = 121 total variants; n=26 ClinVar VUS) variants examined here
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have predicted splicing effects (SpliceAI Delta Score >0.2). We cannot
rule out splicing effects for these particular variants as most (n= 117
variants) were only tested by VAMP-seq (Supplementary Table 1). Sec-
ond, the TSC2 cDNA expressed in VAMP-seq may may not reflect
endogenous levels of TSC2 expression. Third, we did not measure every
possible mechanism of TSC2 variant pathogenicity, including the effect
of variants on the TSC1-TSC2 interaction. Fourth, while both VAMP-seq
and SGE are saturation approaches and therefore both prospective and
retrospective, it is important to mention that cliPE is an inherently ret-
rospective approach. In cliPE, we generate variant libraries based on
clinically observed variants in databases such as ClinVar, LOVD, and
gnomADat one point in time. Asmore individuals are sequenced, we are
likely to uncover novel variants in TSC2. Saturation approaches like
VAMP-seq or SGE inherently provide data to help us understand these
variants, whereas additional cliPE experiments would need to be per-
formed to include such variants. We recommend cliPE as a good alter-
native to SGEwhen budget is a limiting factor; SGE should be considered
if funding permits. Finally, low-passage HAP1 cells were used for cliPE,
but we did not select for ploidy using flow cytometry or
pharmacology34,35. We anticipate that, if any HAP1 cells spontaneously
became diploid, this was unlikely to be a major confounding factor. If
any individual cell became diploid after prime editing but before fixa-
tion, that cell would be homozygous with two copies of whichever TSC2
variant was initially present. If any cells became spontaneously diploid
prior to prime editing, it is possible that they could be heterozygous
with one variant allele and one reference allele or even compound
heterozygous for two different variant alleles. It is likely that such cells
would be a small minority of the cells in the assay and unlikely to sig-
nificantly impact the final enrichment score for any particular variant.
The clear separation between assay control variants (SYN and PTC) and
ClinVar truth set variants (BLB and PLP) argue that this assay is not
significantly confounded by ploidy (Figs. 2A and 6).We cannot rule out a
small effect of ploidy on our assay results, particularly for putative
partial loss-of-function variants or dominant negative variants. Our pri-
mary goal was developing a MAVE which could distinguish complete
loss-of-function missense variants from variants retaining function.
Future work will be necessary to develop assays that are calibrated to
test for partial loss-of-function or dominant negative variants.

This study builds on the excellent work by the Nellist lab and
others to functionally characterize individual missense variants in
TSC213. We have made our variant effect data available in the supple-
mentary information (Supplementary Data 4 and 5). Our work is
registered on the MAVE Registry and our data has been deposited in
MAVEdb to share with the community36,37. Future directions of this
work include forming a Clingen Variant Curation Expert Panel to
generate a custom adaptation of the ACMG/AMP guidelines optimized
for TSC2. It will be important to complete additional VAMP-seq, SGE,
and cliPE studies to generate a complete variant effectmap for the full
TSC2 gene.

Pathogenic variants in at least 16 mTOR pathway genes result in
mTORopathies, a group of neurodevelopmental disorders com-
monly associated with epilepsy, in both children and adults38. We
also view this study as a proof-of-concept towards comprehensive
VUS resolution in the mTORopathies. The methods utilized herein
are generalizable and could be used to study mTORopathy genes
with missense VUS such as DEPDC5, NPRL2, or NPRL3, perhaps
increasing access to mTOR inhibitors and other forms of precise
clinical management.

Methods
TSC2 VAMP-seq
Barcoding attB_IRES-mCherry plasmid. The VAMP-seq vector was
modified based on a previously described system (Supplementary
Fig. 18)39. Briefly, an 18-nucleotide randomized sequence, flanked by
BsmBI recognition sites and fragment-specific overhangs, was used as

the barcode insert. This fragment was assembled into the plasmid
backbone, containing the attB-IRES-mCherry cassette and a
C-terminally GFP-tagged construct, via complementary overhangs
with 1:7 vector:insert ratio. The resulting product was transformed by
two electrocompetent NEB 10-beta E.coli cells (NEB C3020) reactions
recovered in2mLSOCMedia for onehour at 37 °C. Recovered cultures
were plated to a 245mmLB+AMPagar tray (Corning07-200-600) and
incubated at 30°C overnight. Plasmid DNA was then isolated by max-
ipreparation (ZymoResearchD4203). Barcode diversity was estimated
by colony counting, yielding 2.73e9 unique barcodes for subsequent
library cloning.

Library cloning
Two site-saturation variant libraries were generated by Twist Bios-
ciences based on the TSC2 open reading frame (NM_000548.5),
C-terminally tagged with GFP. At each targeted site, we programmed
a synonymous mutation, 19 missense mutations, a nonsense muta-
tion, and a three base pair deletion. Library 1 is a site-saturation
mutagenesis of amino acid residues 554-754 (187 sites passed QC)
and library 2 is a site-saturation mutagenesis of amino acid residues
1512-1802 (286 sites passed QC). These two libraries were cloned to
the above-mentioned barcoded plasmid using SapI golden gate
cloning (NEB R0569S) followed by transformation by electropora-
tion to achieve a barcode to variant coverage of 24× and 21×,
respectively, for the two libraries. To associate barcodes with var-
iants, we used PacBio SMRTbell sequencing. Libraries were prepared
according to the manufacturer’s protocol “Procedure & Checklist -
Preparing SMRTbell® Libraries using PacBio® Barcoded Universal
Primers for Multiplexing Amplicons.” This resulted in 930,059 reads
for Library 1 and 244,393 reads for Library 2. Barcodes were mapped
to variants using Pacybara and only barcodes associated with a single
unique variant at least two thirds of the time were used for VAMP-seq
assays40.

Tissue culture experiments and FACS sorting
Landing pad HEK 293T (HEK293T-LLP-iCasp9) cells were transfected
using FuGene 6 with each barcoded variant library to achieve an esti-
mated 20 cells per barcode coverage41. At 48 h post-transfection, cells
with successful Bxb1-mediated integration were induced with 2μg/mL
doxycycline in media (DMEM+ 10% FBS + 1% penicillin-streptomycin).
After an additional 24 h, cells were treated with 10 nM of AP1903/
Rimiducid (MedChemExpress) to select against unrecombined cells.
At day 4 post-transfection, cells were sorted on a BD FACSAriaII using
an 85 μmor 100 μmnozzle into four bins (Bin 1: 0–25%; Bin 2: 25–50%;
Bin 3: 50–75%; Bin 4: 75–100%) based onGFP:mCherryfluorescence via
FACS to achieve at least two million cells per bin42. Following sorting,
the separate bins were grown out for several days to confluence in
media (+ doxycycline) prior to harvesting genomic DNA from cell
pellets (300 × g for 5min).

Genomic DNA isolation and barcode sequencing
Genomic DNA was extracted from cell pellets of each bin using the
Qiagen DNeasy Blood & Tissue Kit (Qiagen #695060) following the
recommended protocol for purification of total DNA from animal
blood or cells (spin-column protocol using a maximum of five million
cells per column), with the addition of 2μL RNase A (20mg/mL) in the
lysis step.

Two technical PCR replicates were performed following pre-
viously described protocols on each bin for each library to assess
barcode correlation from amplification and sequencing42,43.

Each indexed sample was sequenced for barcodes using custom
read and indexing sequencing primers NP0494, NP0495; NP0497, and
NP0550 using a NextSeq 1000/2000 P3 50 cycles kit (Illumina). All
VAMP-seq oligonucleotide sequences are provided in Supplemen-
tary Data 6.
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VAMP-seq data analysis and scoring
Variants were scored using previously published methods21. Briefly,
fastq files were generated using bcl2fastq v2.20 and paired reads were
merged using PEAR v0.9.11. Using CountESS 0.1.16 (https://countess-
project.github.io/CountESS/), fastq reads were mapped to barcodes
from the Pacybara output and collapsed to generate count tables
whereeach row represents a variant andeachcolumn is a singlebin in a
replicate experiment. Variant frequencies within each bin (Fv,binx) were
calculated by dividing the count for that variant by the sum of all
counts in that bin. Bin frequency values were used to generate
weighted abundance scores (Wv) for each variant by taking the fre-
quency in bin 1 andmultiplying by 0.25, bin 2 by 0.5, bin 3 by 0.75, and
bin 4 by 1 and summing those values before dividing by the
unweighted sum for that variant across all bins (1).

Wv =
Fv,bin1 × 0:25
� �

+ Fv,bin2 × 0:5
� �

+ Fv,bin3 ×0:75
� �

+ ðFv,bin4 × 1Þ
ðFv,bin1 + Fv, bin2 + Fv, bin3 + Fv, bin4Þ

ð1Þ

Weighted average values range from 0.25 to 1 before normal-
ization.Weighted average valuesweremin-max normalized to develop
an abundance score (Sv) such that WT (TSC2 reference allele) is equal
to 1 and themedian of the lowest 5% ofmissense values is equal to 0 to
generate the reported abundance scores (2). We use the term abun-
dance specifically to refer to the amount of protein present in each cell
at steady-state.

Sv=
Wv � exWv, lowMissense

WWT � exWv, lowMissense
ð2Þ

All VAMP-seq scores are reported in Supplementary Data 4 and 5.
Variant to barcodemaps and.ini configurationfiles for reproducing the
CountESS pipeline are available at the following repository: https://
github.com/FowlerLab/TSC2_analysis/tree/TSC2_manuscript. Repro-
ducibility is demonstrated in replicate scatterplots (Supplemen-
tary Fig. 19).

Primary T cell saturation genome editing
The cloning-free SGE workflow described below, as previously
described for CARD11, is shown in Supplementary Fig. 2023.

SGE library design
Single-stranded oligonucleotide pool variant libraries (IDT oPools)
were designed to include all possible single-nucleotide variants across
each SGE region (Supplementary Data 7). Each oligonucleotide incor-
porated three synonymous guide-blocking edits within the proto-
spacer and PAM site to prevent Cas9 re-cutting. Homology arms were
added to both ends of the SGE region such that the entire length of
each oligonucleotide was approximately 145 bases. Oligonucleotides
also contained phosphorothioate bonds between the three terminal
bases to inhibit degradation.

CD4+ T cell isolation, activation, and culture conditions
Deidentified human peripheral blood mononuclear cells were
acquired from healthy donors under informed consent from the Fred
Hutch Specimen Processing and Research Cell Bank (protocol #3942).
CD4+ T cells were isolated (Fred Hutchinson Cancer Research Center)
using the EasySep Human CD4+ T cell enrichment kit (Stem Cell
Technologies 19052). Cells were cultured at a density of 0.5e6 cells/mL
in RPMI (ThermoFisher) supplemented with 20% FBS (Sigma), 1x Glu-
tamax (ThermoFisher), 10mM HEPES (ThermoFisher), 0.1% BME
(ThermoFisher) and 50 ng/mL IL-2 (PeproTech). For activation, Dyna-
beads Human T-Expander CD3/28 (ThermoFisher) were added at
30μL/1e6 cells. Beads were removed after 72 h, and cells were allowed
to rest and proliferate for 16–20 h before transfection.

Transfection of CD4+ T cells
CRISPR RNA (100μM; IDT) was complexedwith 100μMtrRNA (IDT) at
a ratio of 1:1 and incubated at 95 °C for 5min, then allowed to cool at
room temperature for 30–60min. Recombinant Cas9 (UC Berkeley)
was added at a guide:Cas9 molar ratio of 4:1 and the mixture was
allowed to rest at room temperature for 15min. Single-stranded oli-
gonucleotide variant librarieswere added at afinal concentration of 40
pmol/1e6 cells. CD4+ cells were resuspended in Maxcyte buffer
(Maxcyte) and added to the Cas9/guide/library mix. This sample was
then transferred to a Maxcyte assembly and transfected with the
Expanded T Cell-1 protocol on a Maxcyte ExPERT GTx electroporator.

Cell staining and sorting
Following transfection, cells were cultured for 6 days with media
replacement every 48 h. Approximately 1e6 cells were isolated for
downstream genomic DNA and the remaining cells were fixed, per-
meabilized, and stained for phosphorylated S6 (Cell Signaling Tech-
nology 5316S). Stained cells were analyzed on a BD FACSAria II flow
cytometer and cells were sorted on the highest and lowest 25% of
phospho-S6 intensity. An example histogram fromone sort is shown in
Supplementary Fig. 20B.

Genomic DNA isolation
Genomic DNA was isolated from presorted cells using the Quick-DNA
miniprep kit (Zymo Research). For fixed cells, cell pellets containing
approximately 1-2e6 cells were suspended in 250μL of PBS containing
200μg of RNAse A (Sigma) and 200μg Proteinase K (Zymo Research).
Cells were incubated at 37 °C for 30min. Lysis buffer (250μL at 2×)
containing 60mMTris pH 8, 20mM EDTA, and 2% SDS was added and
cells were incubated overnight at 65 °C with shaking at 800 rpm.
Ethanol (250μL) was then added to the sample and genomic DNA was
isolated with the Quick-DNA miniprep kit.

Illumina sequencing
Each SGE region was first amplified with intron-specific primers
amplifying the entire exonic region with NEBNext Ultra II Q5 high
fidelity DNA polymerase (New England Biolabs) (Supplementary
Data 8). This sample was then purified with Agencourt AMPure XP
reagent (Beckman Coulter) at a 0.9× beads to sample ratio. These
samples were then amplified with locus-specific primers containing
Illumina adapter sequences. These samples were purified with 0.9×
AMPure beads and reamplified with primers containing Illumina p5
and p7 sequences and a unique sample index. These samples were
purified one final time with 0.9x AMPure beads. The amplicon library
was verified for purity by PAGE gel, quantified by Qubit 3 (Thermo-
Fisher), pooled, and paired-end sequenced on an Illumina NextSeq
2000 with the XLEAP P2 300 cycle kit (Illumina).

Data analysis and scoring
After Illumina sequencing, individual replicates (n = 4 replicates: 2
donors, 2 replicates each donor) were de-multiplexed and Illumina
reads were merged with the PEAR software package. We then used
custom Python scripts to isolate and count variants in the paired-end
reads for the pS6-Hi and pS6-Lo populations. We then used the
CountESS software package to generate functional scores. Briefly,
variant counts within each sample were normalized by dividing the
count of each individual variant by the total variant counts observed in
that sample. Replicate scores were then calculated as the ratio of
normalized variant counts in the pS6-Hi population to that of the pS6-
Lo population. To enable comparisons across regions, scores were
scaled within each region using internal reference points. Specifically,
themeanof the three lowest scoring variants and themeanof the three
highest scoring variants in each region were used to define the mini-
mum and maximum, respectively, and scores were linearly rescaled
between these bounds. Finally, within each region, variant scores were
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normalized to the average score of the synonymous variants from the
same region. All SGE scores are reported in Supplementary
Data 4 and 5 and Supplementary Table 1. Editing rates are shown in
Supplementary Fig. 21 and reproducibility demonstrated in replicate
scatterplots in Supplementary Fig. 22.

Curated loci prime editing
cliPE is a modification of a published method for saturation prime
editing44. For a detailed cliPE protocol, please see Biar et al. or the
supplementary methods24. Briefly, enhanced prime editing guide RNA
(epegRNA) libraries were cloned into a mammalian expression con-
struct with a U6 promoter (Supplementary Fig. 23). epegRNA libraries
were co-transfected into HAP1 cells with plasmids expressing the
PEmax prime editor as well as nicking gRNAs to enhance editing effi-
ciency. After selection for PEmax-expressing cells via FACS sorting for
GFP+ cells, cells were serum starved overnight prior to trypsinization,
fixation, and immunolabeling for pS6. High pS6 (upper quartile) cells
were sorted and collected. In addition, unsorted cells were collected.
Amplicon sequencing was used to quantify allele frequency in sorted
and unsorted cells and an enrichment score for TSC2 activity was
computed from the allele frequency within high pS6 cell pools divided
by the allele frequency in unsorted cell pools. All cliPE scores are
reported in Supplementary Data 4 and 5. Reproducibility is demon-
strated in replicate scatterplots in Supplementary Fig. 24.

Correlation analysis
To investigate the correlation between our MAVE-derived variant
effect scores and either measures of evolutionary conservation or
variant effect predictors, we used the Ensemble VEP package to
annotate variants scored in our assays with scores available in the
dbNSFP database45–47. We selected GERP, phastCons, and phyloP as
three different algorithms which measure evolutionary conservation
using multiple sequence alignments48–50. GERP++ and phyloP are
more similar as they are column-based measures which generate a
score based on a single position within the alignment. phastCons
differs in its approach as it incorporates flanking columns as addi-
tional context. We selected the following variant effect predictors
(VEPs): (1) AlphaMissense, (2) BayesDel (with or without allele fre-
quency), (3) ClinPred, (4) MutPred2, (5) PrimateAI, (6) REVEL, (7)
VARITY, (8) gMVP, and (9) EVE27,51–57. The VEPs are a mix of the three
different VEP categories as defined by Livesey and Marsh, with
AlphaMissense and PrimateAI being “Population-tuned”, EVE being
“Population-free”, and the remaining being “Clinical-trained”25.
“Clinical-trained” VEPs use a training set of variants with known
clinical labels or incorporate a feature which has been trained on
such a variant set. “Population-free” VEPs do not use any clinical
labels or population data and rather rely on other features such as
multiple sequence alignment. “Population-tuned” VEPs incorporate
human population genetic data in some form during model devel-
opment. All pairwise correlations are provided in Supplemental Data
9, 10.

MAVE thresholds and OddsPath calibration
Thresholds for normal and abnormal abundance or activity for each
MAVE were primarily determined by receiver operating characteristic
(ROC) analysis using the pROCpackage58.Weused the Youden statistic
to determine the threshold which best separated known ClinVar BLB
and PLP missense variants for each assay. For VAMP-seq, variants with
abundance <0.25weredetermined to have abnormal (low) abundance.
Variants with an abundance score between 0.25 and 0.75 met the cri-
teria for indeterminate abundance. Variants with abundance scores
>0.75weredetermined to have normal abundance, coincidingwith the
lower 95% confidence interval for synonymous variants in the VAMP-
seq assay. For SGE and cliPE, we developed single thresholds to classify
variants as either having normal or abnormal activity. For SGE, variants

with TSC2 activity scores <2 were classified as having normal activity,
while variants with scores >2 were classified as having abnormal
activity. For cliPE, variants with TSC2 activity scores <0.25 were clas-
sified as having normal activity, while variants with scores >0.25 were
classified as having abnormal activity. For all assays, OddsPath calcu-
lations were performed using the current ClinGen-approved calibra-
tion framework (Table 2)30. The OddsPath calculation is based on the
proportion of pathogenic variants in the truth set as a prior probability
(P1) and the proportion of pathogenic variants in the functionally
abnormal MAVE dataset based on the above thresholds as a posterior
probability (P2) (3):

OddsPath =
½P2 × ð1� P1Þ�
½ð1� P2Þ×P1�

ð3Þ

Variant classification on Ambry cohort
This study was reviewed and approved by the University of
Washington Institutional Review Board (IRB#3598). Preliminary
Ambry classifications for TSC2 missense variants that have been
observed in individuals tested at Ambry genetics (n = 340) were
performed utilizing the Ambry Classifi framework based on ACMG/
AMP guidelines and implementing a points-based approach28,59.
Diagnostic criteria for application of phenotype-based evidence was
based on international consensus criteria60. Population-based evi-
dence thresholds were established within Ambry’s Classifi program
using gene-specific Whiffin-Ware calculations61. For the final classifi-
cations, in silico prediction-based points were assigned based on
AlphaMissense thresholds that were calibrated for TSC2 and func-
tional weight was incorporated using the calibrated points-based
approach described in Table 2 (range of −2 to 4)28,30. Detailed phe-
notypic information on a per variant basis is provided in Supple-
mentary Data 11.

Variant classification on all other missense variants assayed
A simplified version of the points-based system used for the Ambry
cohort was used for variants that had not been previously observed in
the Ambry cohort. Where available, a calibrated in silico predictor
optimized for TSC2was generated fromAlphaMissense scores62. Based
on the strength of evidence calculated for the functional datasets
(Table2), variantswereassigned a rangeof points between−2 and+430.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
VAMP-seq data is available via: IGVF Portal [https://data.igvf.org/
analysis-sets/IGVFDS5595BTYJ/] (Analysis set: IGVFDS5595BTYJ).
Github [https://doi.org/10.5281/zenodo.20837253] (Zenodo archived
release of Github repo: https://github.com/FowlerLab/TSC2_analysis).
SGE data is available via: IGVF Portal [https://data.igvf.org/analysis-
sets/IGVFDS1782FCXW/] (Analysis set: IGVFDS1782FCXW). cliPE data is
available via: MAVEdb [https://www.mavedb.org/score-sets/urn:
mavedb:00001201-a-1] (urn:mavedb:00001201-a). NCBI Sequence
Read Archive [https://www.ncbi.nlm.nih.gov/bioproject/
PRJNA1422769] (PRJNA1422769). Scoresets are also provided in Sup-
plementary Data 4 and 5. Source data are provided with this paper.

Code availability
Code to perform quality control (QC) filtering on TSC2 VAMP-seq
variant abundance scores by applying a read-count frequency thresh-
old at the variant level across biological replicates is provided: Github
[https://doi.org/10.5281/zenodo.20837253] (Zenodo archived release
of Github repo: https://github.com/FowlerLab/TSC2_analysis).
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