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Abstract

Bulk deconvolution yields cell-type proportions that are tested against age, disease and treatment as if
the single-cell reference were exact. The reference can decide the answer. In 981 blood donors with
labelled truth, the CD8 T-cell age association reversed sign in all 80 six-type references, because CD8
cells shift towards effector-memory states with age and a reference that averages over states cannot
follow them. In 48 islet donors, a non-significant alpha-cell trend with HbA1c became significant in 54—
100% of references, depending on their design, because the reference error rose with HbA1c. Both
effects recurred with three further estimator classes (unweighted NNLS, the CIBERSORT v-SVR
procedure and the InstaPrism algorithm), so they belong to the reference, not to one fitter; the regression
estimators inflated the islet error and the Bayesian one attenuated it. Accuracy does not flag the
problem: 15-state references with 30 donors were more accurate than those with 100, yet only the latter
gave weighted MusSiC the right sign. The systematic part of the error is removed only by a reference that
resolves the shifting states; the random part, which rivals the bulk-side standard error in small
references, can be measured by a donor bootstrap and folded into the confidence interval. A random-
effects model of donor sampling covers the removable part: most of 226 public references hold cell
types whose median donor contributes fewer than 10 cells, below the 9-17 cells at which a donor profile
becomes mostly noise, and a precision weight derived from the model removes about half of the error
such donors add to MuSiC.

KEY POINTS

¢ The single-cell reference can decide the conclusion: in 981 blood donors with labelled truth, the CD8
T-cell age association reversed sign in all 80 six-type references, and in 48 islet donors a borderline
alpha-cell association became significant in 54-100% of references.

* The error is reference-borne: the reversal and the CD4 inflation recurred with four estimator classes.
Its direction is set by the estimator: three regression classes inflated the islet alpha-cell slope (1.1-
2.1-fold), the InstaPrism algorithm attenuated it (0.59-fold).

e Accuracy does not flag it: state-resolved references with 30 donors had lower error than those with
100 (2.91 vs 3.26 points), yet under weighted MuSiC only the latter recovered the CD8 sign.

e The systematic part is removed only by a reference that resolves the shifting states; the random part
is measured by a donor bootstrap within one reference and folded into the confidence interval.

e Donor sampling is the removable part: in 60% of 226 public datasets a cell type's median donor
contributes fewer than 10 cells, below n* = 1/p (9—17 cells in blood), which is estimable from the
reference; a precision weight removes about half of MuSiC's allocation penalty, and many donors
with few cells beat few donors with many.

INTRODUCTION
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Reference-based deconvolution estimates cell-type proportions in bulk RNA-seq samples from single-
cell profiles (1-3), and the estimates are then analysed as phenotypes, as when beta-cell proportions
were related to HbA1c (1). The reference enters this chain once, when many cells and donors are
collapsed into one profile per cell type, and it is then treated as exact. Benchmarks have varied which
reference is used, its size, its match to the mixture, its platform and the states it resolves (5,6,11-13,30-
33), and have scored the result by accuracy. None has asked whether the reference changes the
conclusion that is finally drawn, and none has varied how a reference's cells are spread over its donors,
although public references are often thin at that level.

Two kinds of reference error can reach a conclusion. A systematic error that moves with the covariate
under study shifts the slope of an association; a random error from the particular donors sampled
widens its true uncertainty beyond the confidence interval computed from the bulk samples. We
previously found the second kind in a controlled setting (14): with donors and total cells fixed, a 10:1:1
allocation of cells among three donors raised MuSiC's error by 0.62 points at 60 cells per type but not at
300, and only when minor donors contributed ten or fewer cells.

Here we ask four questions. Can the reference reverse or create an association, and by which route? Is
that error a property of the reference or of the fitter, which collapses the reference by equal-donor
averaging (MusSiC (1)) or by pooling cells (CIBERSORT-type signatures (2,4)) and then fits by regression
or by a Bayesian posterior (7—10)? Which part of the error can be removed and which can be measured?
And how should the donors and cells of a reference be chosen (15)? We answer them in two cohorts in
which labelled single-cell data give ground truth for proportions and their associations, 981 PBMC
donors (OneK1K (17)) and 48 islet donors with HbA1c (18), with four estimator classes, a census of 226
public references and a random-effects model of donor sampling whose estimator is inserted into
unchanged MuSiC 1.0.0 and tested on the frozen grids of our previous study (14). The main findings are:

e The reference can reverse a conclusion. The CD8 T-cell age association reversed in every six-type
reference because CD8 cells shift towards effector-memory states with age; in islets an alpha-cell
error that rose with HbA1c made a borderline association significant in a design-dependent share of
references. Missing cell types reverse signs by another route (16,34); these errors arise in complete
references.

¢ The reference, not the fitter. The reversal and the CD4 inflation recurred in four estimator classes.
The islet error changed direction with the class, so the same reference gives a significant
association under one estimator and none under another.

e Accuracy does not flag it. State-resolved references with 30 donors were more accurate than those
with 100, yet only the latter gave weighted MuSiC the right CD8 sign; pooled-cell estimators
recovered it with 30.

¢ Two parts, two remedies. The systematic part is removed only by a reference that resolves the
shifting states. The random part, which rivalled the bulk-side standard error in small references, is
reproduced by a donor bootstrap within one reference and can be folded into the interval.
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e Donor sampling is the removable part. Equal-donor and pooled-cell averaging are the two limits of
one precision-weighted estimator, indexed by the ratio p of between- to within-donor variance; below
n* =1/p, 9-17 cells in PBMC, a donor profile is mostly noise, and most public references contain
such donors. The precision weight removes about half of MuSiC's allocation penalty (45% observed,
48% predicted), and at a fixed budget many donors with few cells beat few donors with many for
three of the four classes.

MATERIALS AND METHODS

Full procedures, settings and fit counts are given in Supplementary Methods; this section states what
was done.

Fitting and error. All fits used music.iter from MuSiC 1.0.0 with the settings of music_prop; both outputs
were recorded, the variance-weighted proportions ("weighted MuSiC") and the non-negative least-
squares proportions ("NNLS"). Only the mean-profile step was changed. Every comparison with the
previous study (14) was gated by a control in which the equal-donor basis reproduced the stored
predictions (maximum difference 5.6 x 10-'¢). MAE is the mean absolute error over cell-type proportions
in percentage points; the allocation penalty is I(B) = MAE(10:1:1) - MAE(balanced) at B cells per type
(19).

OneK1K. 981 donors with Azimuth level-2 labels (24) mapped to six types (14); whole sequencing pools
assigned to 597 target and 384 reference donors; target pseudobulks summed raw counts, truth was the
labelled proportion. Fixed-budget references used D € {3, 5, 10, 15, 30, 50, 100} donors with 300/D cells
per type, all-cells references D € {10, 30, 100} with every cell up to 300 per donor and type, eight donor
sets per design (80 references); state-resolved references used the 15 level-2 states as reference types
with D € {30, 100} (16 references), summed back to six types.

Islets. Targets were the 48 donors of (18) (eight types; HbA1c, age and sex). External references came
from the 11 control donors of the HPAP dataset of Fasolino et al. (25-28) in fixed-budget, 10:1:1 and all-
cells designs; within-cohort references were cross-fitted between two disease-stratified folds (142
references; 117 reference sets).

Associations. OneK1K proportions were regressed on age, sex and sequencing pool; islet proportions on
HbA1c, age and sex; [t| > 1.96 (OneK1K) or 2.015 (islets) was called significant. Reference-side variability
is the SD of a slope across the donor sets of a design divided by the mean bulk-side SE (OneK1K) or by
the SE of the labelled slope (islets). The scaling k of deconvolved on labelled proportion separates
rescaling from covariate-dependent error (Proposition 4). The GSE50244 islet bulk cohort (29) was fitted
with the 92 external references.

Other estimators. Two pooled-cell estimators were fitted to the same targets with the same cell draws
as every reference: the CIBERSORT v-SVR procedure as implemented in EpiDISH 2.26.0 (CBS mode;
linear v-SVR with v € {0.25, 0.5, 0.75}, lowest reconstruction RMSE kept) on a per-reference pooled-cell
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signature of the top-50 markers per type, with a Python replica of the recipe of (14) run alongside
(Supplementary Table S23), and the InstaPrism algorithm (initial module of InstaPrism 0.1.6, a fixed-
point implementation of the BayesPrism posterior (9), transcribed into Python from the released source
with its defaults and no reference update). The replica and the InstaPrism algorithm were also run with
equal-donor averaging of the same cells. Four classes are compared: MuSiC weighted (MW), MuSiC
NNLS (MN), SVR signature (SV) and the InstaPrism algorithm (IP); the reporting rules were fixed before
the fits (Supplementary Tables S18-S22).

Donor bootstrap. For three OneK1K designs and each of their eight donor sets, 20 replicates drew
donors with replacement from the set; the bootstrap SD of the age slope was compared with the SD
across the eight sets, and the reference-resampling interval is the point estimate + 1.96 x v(SE? +
SD_boot?) (300,888 fits).

Model and estimator. For gene g, donor d and cell ¢ of one type, x_gdc = y_g + b_gd + e_gdc with b_gd ~
(0, T2_g) and e_gdc ~ (0, 02_g). The donor profile, MuSiC's library-size-weighted mean over the donor's
cells, has variance t2_g + 62_g/n_d, with n_d the Kish effective cell number. Proposition 1: among
unbiased combinations of donor profiles the variance is minimised by weights w_d « 1/(t2 + 02/n_d); T2
— 00 gives MuSiC's equal weights and t2 — 0 the cell-proportional weights of pooled signatures. With p
= 12/0% and n* = 1/p, a donor's weight relative to a fully sampled donor is n_d/(n_d + n*). Proposition 2,
that correcting  for its sampling component improves MuSiC's gene weights, was tested and falsified.
Proposition 3: for N cells split equally among D donors, the variance of the equal-donor mean, t2/D +
02/N, decreases in D, whereas the expectation of %, 12 + 02D/N, increases. Proposition 4 gives the three
ways reference error reaches an association slope (Supplementary Note 1). p_k was estimated per cell
type as X_g T2.g/ 2_g 62_g over genes expressed in the bulk, and weights w_dk « 1/(p_k + 1/n_dk) were
normalised over the donors with cells of type k.

Frozen grids. The frozen inputs of the previous study (14,20,21): three-donor PBMC references at 60 and
300 cells per type, balanced or 10:1:1 (full grid, 322,560 fits; diagnostic subset of 336 references), a
single-type imbalance design and a four-donor pancreas design.

Census. The 226 human, primary, 10x CELLXGENE Discover datasets with at least three donors (22),
tabulated by donor and author-labelled type (median cells per donor, fraction of donors below 10 cells,
Kish effective donor number (23); Supplementary Table S1).

Software. MuSiC 1.0.0 in R 4.5.2; Python 3.11 with numpy, pandas, scipy, statsmodels, scikit-learn, hSpy
and matplotlib. All data are public and de-identified.

RESULTS
Most public references are thin at the donor level
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Of 226 CELLXGENE datasets from all tissues with at least three donors (median 15.5 donors, range 3—
981), 60% contained a cell type whose median donor contributed fewer than 10 cells and 76% one below
25. Across 3,615 dataset—type pairs, 24% had a median donor below 10 cells (Figure 1A); the Kish
effective donor number was 55% of the nominal number for the median type of the median dataset and
28% for its sparsest type (Figure 1B). Sparse pairs occurred at every cohort size and in every tissue
group: in 75% of the 60 blood and immune datasets and 54% of the 166 others (Figure 1C, D;
Supplementary Table S1). The regime of our previous study (14), a few donors with 5-10 cells of a type,
is the common case, and dataset totals do not show it.

Reference error that moves with the covariate reverses the
CD8 T-cell age association

We regressed deconvolved proportions on age and sex with sequencing pool as a fixed effect and
compared the slopes with those of the labelled proportions of the same 597 donors (Table 1). Every sex
contrast kept its sign in all 80 references. For age, five types kept their sign, but CD8 T cells reversed in
every reference: the labelled slope was -0.072 points per year (t = -2.6) and the deconvolved slopes
+0.04 to +0.24 (96% with [t| > 1.96; Figure 2A). The CD4 T-cell slope was inflated 5- to 8-fold (median 6.3),
so a non-significant trend (t = -1.6) became significant in every reference. Neither donor number, quota
scheme nor basis changed these outcomes (Supplementary Table S9).

The reversal follows a state shift that a donor-averaged profile cannot track. The deconvolved CD8
proportion correlated with the labelled one (r = 0.82), but its bias grew by 0.24 points per year of age,
three times the magnitude of the true slope. In the labelled data, the effector-memory share of CD8 T
cells rose by 0.72 points per year (t = 15) and the naive share fell by 0.70 (t = -16); the CD8 bias
correlated 0.71 with a donor's effector-memory share, and adjusting for that share reduced its age
dependence from 0.239 to 0.064 points per year (Figure 2B, C; Supplementary Table S10).

Table 1. Age and sex associations in OneK1K: labelled truth versus deconvolved proportions (weighted
MusSiC, equal-donor basis, 80 six-type references).
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Cell type True age True sex Median ratio References References

slope, contrast F  deconvolved/true with wrong with wrong
oints/year -M, age slope age sign sex sign

ﬁ] points [t]

B cells -0.005 +1.67 3.5 (true = 0) 0/80 0/80
[-0.25] [2.58]

CD14+ +0.023[2.81] -0.60 1.25 0/80 0/80

monocytes [-2.46]

CDAT cells -0.051 +3.98 6.3 0/80 0/80
[-1.57] [4.11]

CD8 T cells -0.072 -2.12 -2.1 80/80 0/80
[-2.62] [-2.57]

FCGR3A+ +0.014[3.86] -0.34 1.18 0/80 0/80

monocytes [-3.14]

NK cells +0.091 [4.47] -2.59 1.6 0/80 0/80

[-4.22]

State-resolved references (15 level-2 states, 100 donors, eight donor sets): CD8 T -0.037 (wrong sign
0/8, significant 0/8); CD4 T -0.057 (ratio 1.13, significant 0/8); B -0.015; NK +0.070 (ratio 0.77).

Covariate-dependent error makes a borderline islet
association significant in a design-dependent share of
references

In the 48 islet donors (17 normoglycaemic, 14 prediabetic, 17 with type 2 diabetes; HbA1c 4.6-13.1%),
the labelled beta-cell share fell by 3.90 points per HbA1c unit (t = -2.91, adjusted for age and sex), the
decline MuSiC's authors reported from deconvolved islet bulk (1); the alpha-cell share rose non-
significantly (+2.03, t = 1.86). Across 117 reference sets (92 external, 25 cross-fitted), the beta-cell
decline kept its sign and remained significant in all 117 with weighted MuSiC and in 114 with NNLS
(Table 2; Figure 3A); its slope was inflated (medians by design -4.5 to -5.7). The alpha-cell slope was
inflated 1.2- to 1.7-fold (medians by design), which made the non-significant trend significant in every
within-cohort and all-cells reference, in 83—-88% of three-donor external references with 300 cells per
type, and in 62% (balanced) and 54% (10:1:1) of those with 60 cells (Figure 3B; Supplementary Table
S13). Whether an alpha-cell association is reported depends on how the reference is built.

The inflation was not a scaling of the proportions. Regressing deconvolved on labelled proportion gave a
median k of 1.09 for beta and 1.02 for alpha cells, but the slope ratios were 1.33 and 1.43, exceeding K in
116 and 115 of 117 sets. The excess came from the residual after scaling, which moved with HbA1c
(-0.82 and +0.96 points per unit) and contributed 0.21 (beta) and 0.47 (alpha) to the ratio, against 0.09
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and 0.02 from k - 1 (Figure 3C, D; Supplementary Table S14). As for CD8 T cells, the error tracked the
covariate under study.

Real bulk data could not extend this test. In the islet bulk cohort in which the beta-cell decline was
reported (GSE50244; 89 samples, 77 with HbA1c) (1,29), every external HPAP reference assigned beta
cells a mean share of 0.26% or less, so no beta-cell slope was significant and alpha cells absorbed the
endocrine signal (median share 43%). INS accounted for 37% of beta-cell UMIs in the 3' reference but
0.067% of reads in the deposited bulk counts, and three other beta-cell genes (G6PC2, PCSK1, SLC30A8)
made up an 8- to 10-fold smaller share of reference than of bulk reads (Figure 3E, F; Supplementary
Table S15). Real bulk therefore tested how well reference and bulk profiles matched, not donor design.

Table 2. Beta- and alpha-cell associations with HbA1c in 48 islet donors (weighted MuSiC, equal-donor
basis; selected designs, all designs in Supplementary Table S13). Labelled slopes: beta -3.90 (t =
-2.91), alpha +2.03 (t = 1.86) points per HbA1c unit.

Reference design Reference Beta: Beta: same Alpha: Alpha:

sets median sign / median significant
slope significant slope

Within cohort, 3 8 -5.48 8/8/8/8 +2.78 8/8

donors x 100 cells

Within cohort, 12 8 -5.49 8/8/8/8 +2.69 8/8

donors x 25 cells

External, 3 donors, 8 -4.52 8/8/8/8 +2.63 5/8

60 cells per type,

balanced

External, 3 donors, 24 -4.65 24/24 / 24/24 +2.54 13/24

60 cells per type,

10:1:1

External, 3 donors, 8 -5.23 8/8/8/8 +3.39 7/8

300 cells per type,

balanced

External, 3 donors, 24 -5.00 24/24 ] 24/24 +3.25 20/24

300 cells per type,

10:1:1

External, 6 donors, 8 -4.96 8/8/8/8 +3.29 7/8

300 cells per type,

balanced

External, 6 donors, 8 -5.37 8/8/8/8 +3.25 8/8

all cells (=300)

External, 11 or 19 2 -5.25 2/2/2/2 +3.3 2/2
donors, all cells
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The reversal and the inflation are reference-borne; the
direction of the islet error depends on the estimator class

To ask whether these errors belong to the reference or to MuSiC, every reference was refitted with two
pooled-cell estimators, the CIBERSORT v-SVR procedure as implemented in EpiDISH (SVR) and the
InstaPrism algorithm, alongside MuSiC's weighted and NNLS outputs (Figure 4; Supplementary Tables
S18-S22).

The CD8 T-cell age slope was positive in 80 of 80 six-type references for MuSiC weighted, MuSiC NNLS
and SVR and in 78 of 80 for the InstaPrism algorithm (median slopes +0.154, +0.236, +0.128 and +0.055
points per year against -0.072), and significant in 77, 76, 78 and 64 (Figure 4A). The CD4 slope was
inflated 6.3-, 7.3-, 6.1- and 4.4-fold and significant in all 80 references for every class (Figure 4B).

In the islets, the beta-cell decline kept its sign and significance in 108—-117 of 117 sets for all classes,
but the alpha-cell association separated them: the three regression-type estimators inflated the slope
(1.11-, 1.43- and 2.06-fold for NNLS, weighted MuSiC and SVR) and made it significant in 46, 95 and 117
of 117 sets, whereas the InstaPrism algorithm attenuated it (0.59-fold; significant in 6 of 117) (Figure
4D). The same reference yields a significant alpha-cell association under one estimator and none under
another: the error is reference-borne, its direction is set by the estimator.

The systematic part is removed only by a reference that
resolves the shifting states, and the donors it needs
depend on the fitter

A reference that resolves the states removes the artefact. With the 15 Azimuth level-2 states as
reference types, summed back to six, error fell from 4.4-4.5 to 2.9-3.3 points (Supplementary Table
S11). With 100 donors the CD8 slope was -0.037 points per year (sign correct in 8 of 8) and the CD4
slope -0.057 (true -0.051; not significant in 8 of 8, as in the labelled data): reversal and inflation
disappeared, although the CD8 slope was attenuated rather than recovered (Figure 2D). With 30 donors
the CD8 slope was =0 (sign correct in 4 of 8) and the CD4 slope remained inflated 1.8-fold. The CD8
slope of a state-resolved reference is the sum of its naive, TCM and TEM slopes: -0.153, +0.005 and
+0.150 points per year with 30 donors, cancelling, against -0.185, +0.010 and +0.139 with 100 (labelled
-0.176, -0.011 and +0.115), each with a 1.5- to 2.8-fold smaller SD across donor sets (Figure 2E;
Supplementary Table S12). In all three states the median donor lies above n* (Figure 2F), so the gain
came from the donor term 12/D, not from cell counts. Only CD4 CTL and NK CD56-bright had a median
donor below n*; both were over-estimated, as were the rare states above n* (CD4 TEM and Treg;
Supplementary Table S12). State-resolved references were more accurate with 30 than with 100 donors
(2.91 vs 3.26 points): the more accurate reference gave the wrong conclusion.
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The other estimator classes needed fewer donors: with the same 15-state references, the two pooled-
cell estimators recovered the sign of the CD8 slope in 8 of 8 references at 30 donors (significant in 6 and
8), whereas MuSiC weighted recovered it only at 100 donors and never its significance (Figure 4C). The
state shift is a property of six-type references; how many donors a state-resolved reference needs is a
property of the fitter.

The random part rivals the bulk-side standard error in
small references and can be measured by a donor
bootstrap

Beyond the systematic error, the spread of a slope across random donor sets is uncertainty that a
confidence interval computed from the bulk samples ignores. In OneK1K it exceeded the bulk-side
standard error for CD8 T cells (1.9-fold) and NK cells (1.3-fold) with three reference donors, was 0.5-0.8
times it with 15-30 donors, the size of a typical public reference, and fell to 0.2 or less with 100 donors
contributing all their cells (Figure 5A; Supplementary Table S16). In the islets it was 0.15-0.63 times the
standard error of the labelled slope (Figure 5B). The spread was not a MuSiC artefact: at three donors it
exceeded the bulk-side standard error for MuSiC NNLS (2.8-fold) and the InstaPrism algorithm (2.1) as
well; SVR was less sensitive to the donor draw (0.9) while carrying the largest systematic bias (Figure
4G).

This spread can be estimated from a single reference. Resampling donors with replacement within each
reference of three designs gave a bootstrap SD of the age slope that was 0.77-1.49 times the SD across
the eight independent donor sets (median 1.07; Figure 5C; Supplementary Table S17). The reference-
resampling interval, + 1.96 x v(SE? + SD_boot?), widened the bulk-side interval by a median factor of 1.23
for CD8 T cells with 15 donors (Figure 5D) and covered the point estimates of the other seven donor sets
in 99.9% of pairs (bulk-side interval alone 99.5%). It did not cover the labelled CD4 and CD8 T slopes in
any of the 24 references of either type, because that error is systematic (Figure 5E).

Donor-sampling noise is the removable part: one estimator
with two limits, an estimable n*, a weight for MuSiC and a
design rule

The random part has a second source besides which donors were drawn: how many cells each donor
contributed. Under a random-effects model of reference sampling, the minimum-variance combination
of donor profiles weights donor d by 1/(t2 + 6?/n_d) (Materials and Methods). With p = 12/02, a donor
with n cells carries weight n/(n + n*) relative to a fully sampled one, where n* = 1/p is the count at which
cell-sampling variance equals donor variance (Figure 6A). Equal donor weights (MuSiC) and cell-
proportional weights (pooled signatures) are the limits T2 — 0o and 12 — 0 (Figure 6B): the first gives a
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profile from a few cells the same influence as one from many, the second concentrates on the dominant
donor and keeps its donor effect however many cells are added. p can be estimated from the reference
(Figure 6C): in 336 three-donor PBMC references (14), median p_k ranged from 0.058 to 0.117 by type,
so n* was 9-17 cells, matching the ten-cell threshold observed previously; OneK1K references gave
similar medians (0.06-0.13), most islet types much higher p (Supplementary Table S2).

Inserted into unchanged MuSiC and refitted on the frozen grids of our previous study (14), the precision-
weighted basis lowered the 10:1:1 penalty of weighted MuSiC at 60 cells per type from +0.591 to +0.322
points, a 45% reduction, improved 12 of 14 held-out donors, left the penalty at 300 cells unchanged and
changed balanced references by at most 0.003 points (Table 3; Figure 7A). The model predicted a 48%
reduction (41-58% by type), and p_k estimated in OneK1K, a different cohort, predicted 43-46% (Figure
6D; Supplementary Table S2). With imbalance confined to one type, 69-71% of the penalty was removed
at minor-donor quotas of 2, 5 and 10 cells (Figure 7B; Supplementary Table S3); gene-level weights gave
the same result as donor-level weights (Supplementary Table S4).

The weight helps only MuSiC's weighted output. The NNLS penalty rose from +0.061 to +0.239 points
(Table 3), and a scan of a common p shows why (Figure 7C): cell-sampling noise is independent across
genes and averages out in a least-squares fit over thousands of genes, whereas donor effects shift many
genes together, so plain regression is dominated by the donor term, for which equal weights are near
optimal, while MuSiC's iterative gene weighting lets gene-wise noise back in. Correcting X for its
sampling component (Proposition 2) reduced the penalty only from +0.752 to +0.635 points and raised
the error of balanced references by 0.12-0.23 points (Figure 7D—F). Reweighting also failed when every
type had two-cell donors (pancreas, +0.760 — +0.769; Supplementary Table S5) and when p was high: in
islets, six of the eight types had p of 0.29-0.93, so n* was 1-3 cells, below the five cells of each minor
donor, and the three-donor 10:1:1 penalty (+0.50 points at 60 cells per type) stayed at +0.55 (Figure 7G;
Supplementary Table S6). The residual penalty is information the unequal design did not collect.

Reweighting cannot recover cells that a design did not collect, so we asked how a fixed budget should be
spread (15). In OneK1K, weighted-MusSiC error at 300 cells per type fell from 4.42 points with 3 donors of
100 cells to 3.77 with 15 donors of 20 and 3.41 with 100 donors of 3, for CD4 T, CD8 T and NK cells as
well as for the sparse monocytes (Figure 8A, B; Supplementary Table S7); in the islets the error of cross-
fitted references fell from 2.79 points with 3 donors to 2.27 with 23-24 (Figure 8C). With ten or more
donors the equal-donor and precision-weighted bases differed by at most 0.03 points, although natural
imbalance was large: with 100 donors contributing all their cells, the Kish effective donor number was 41
for CD14+ and 45 for FCGR3A+ monocytes against 100 for CD4 T cells (Figure 8D; Supplementary Table
S8). Allocation matters for the small references the census shows to be common, not for cohort-scale
atlases.

The design rule held for three of the four classes: SVR error also fell with donors (5.91 — 4.37 points),
whereas the InstaPrism algorithm was flat (3.97 — 3.89), its error set by the state-shift bias at every D
(Figure 4E). The weight, by contrast, is MuSiC's alone: replacing pooled-cell by equal-donor averaging of

Page 11/27



the same cells changed the error of a Python replica of the SVR recipe by less than 0.05 points and
improved the InstaPrism algorithm by 0.04-0.32 points, as much with equal quotas as with natural
imbalance (Figure 4F). Donor reweighting cures MuSiC's allocation penalty; it does not touch the errors
that changed conclusions.

Table 3. Allocation penalties on the full grid (12 replication draw blocks, 840 targets; percentage
points).

Output Basis 1(60) 1(300)  1(300) - Held-out Balanced MAE,
1(60) donors with 60 / 300 cells
[MCSE] 1(300) < I(60)

Weighted Equal-donor  +0.591 -0.073 -0.665 13/14 5.396 / 5.329

MuSiC [0.049]

Weighted Precision- +0.322 -0.063 -0.386 13/14 5.399/5.329

MusSiC weighted [0.049]

NNLS Equal-donor +0.061 -0.089 -0.149 10/14 8.632/8.723
[0.102]

NNLS Precision- +0.239 -0.043 -0.282 14/14 8.639/8.726

weighted [0.092]
DISCUSSION

A deconvolved proportion is a measurement made through a reference, and an association drawn from it
inherits the reference's errors. Of the three ways reference error can reach a slope (Supplementary Note
1, Proposition 4), the benign ones, a constant offset and a scaling of the proportion, changed no
conclusion here. The errors that did change conclusions moved with the covariate: the effector-memory
shift of CD8 T cells with age reversed an association in every six-type reference, and the alpha-cell
residual that rose with HbA1c made a borderline association significant. Missing cell types reverse signs
by another route (16,34); these errors arise in complete references, and they are not visible in the fit.

They are reference-borne, not fitter-borne. The reversal and the CD4 inflation appeared with four
estimator classes, two regression fitters, a marker-based SVR and a Bayesian fixed point, so no choice of
fitter protects a six-type reference from a within-type state shift. The fitter does set the direction of the
islet error: three regression estimators inflated the alpha-cell slope and the InstaPrism algorithm
attenuated it, so the same reference makes an association significant under one estimator and not under
another. Two consequences follow. An association drawn from deconvolved proportions should be
shown under at least two estimator classes, and agreement between them should not be read as
evidence that the reference is adequate. And accuracy is not that evidence either: the 15-state
references with 30 donors had lower error than those with 100, yet only the latter gave weighted MuSiC
the right sign.
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The two components of reference error call for different remedies. The systematic component is
removed only by a reference that resolves the states that move with the covariate, and the donors it
needs depend on the fitter: weighted MuSiC recovered the CD8 sign only at 100 donors and never the
significance, whereas the two pooled-cell estimators recovered both at 30. The random component,
which bulk-side confidence intervals ignore and which rivalled the bulk-side standard error in small
references, can be measured by a donor bootstrap and folded into the interval; methods that carry
proportion uncertainty into downstream estimates (35) could take this component as input.

Donor sampling is the part of the random component that a reference's construction controls. Equal-
donor and pooled-cell averaging are limits of one estimator, and the ratio p that places a reference
between them can be estimated from the reference itself; the ten-cell threshold of the previous study
(14) is not a constant but n* = 1/p, 8—17 cells in two PBMC atlases and 1-3 cells for most islet types,
and donors below it are present in most public references of every tissue. References could report n*
and the Kish effective donor number per cell type alongside their totals. The remedies here are specific
to the averaging rule: precision weighting suits MuSiC's weighted output with small, unbalanced
references and costs nothing when quotas are equal, whereas unweighted regression is dominated by
the coherent donor component, for which equal weights are near optimal, and neither pooled-cell
estimator gained from donor reweighting of the same cells. For a fixed budget, both cohorts favoured
spreading cells over many donors, in line with power analyses of multi-sample single-cell designs (15),
for every class but the InstaPrism algorithm, whose error was set by the state shift. The weights act
within a dataset and can precede the dataset-level weighting of SCDC (12); Bisque addresses platform
differences rather than donor sampling (8).

Both cohorts are pseudobulks that share platform and annotation with their references, which
understates systematic bias, and the OneK1K truth inherits Azimuth label noise. In the one real bulk
cohort we tried, mismatched reference and bulk profiles left beta cells unidentifiable before donor design
could matter, so an independent flow-cytometry or sorted-population truth with a matched reference is
the next test. Targets contained only the analysed types, so incomplete references were not examined.
The model describes cell-sampling noise under exchangeable donor effects and correct labels; it did not
hold when every type had two-cell donors, and it does not explain the over-estimation of rare states or
the source of the islet residual. The SVR class was run with EpiDISH's implementation of the CIBERSORT
procedure rather than CIBERSORTXx itself (a Python replica of the recipe agreed with it in the sign of every
CD8 and CD4 slope; Supplementary Table S23), and the InstaPrism algorithm was transcribed from its
released source without the optional reference update and without a check against the compiled
package, so the four classes bracket the field's estimators rather than enumerate its software.

An association drawn from deconvolved proportions should therefore carry a reference-resampling
interval, come from a reference that resolves the states known to shift with the covariate, be shown
under more than one estimator class, and be checked against labelled or sorted samples where these
exist.
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Figure 1

Most of 226 public CELLXGENE references from all tissues are thin at the donor level. (A) Median cells
per donor for each of 3,615 dataset—cell-type pairs (x axis clipped to 1-1,000; the first bin holds 362
pairs whose median donor has no cell of the type); dashed line, n* = 10 cells, the PBMC estimate. (B)
Kish effective donor number divided by the nominal donor number for each pair. (C) Fraction of donor-
type pairs with fewer than 10 cells against donors per dataset; points, datasets coloured by tissue group
(number of datasets in parentheses). (D) Share of datasets in each tissue group with at least one cell
type whose median donor has fewer than 10 (filled) or 25 (open) cells; dotted line, all 226 datasets.
Types with fewer than 50 cells in a dataset were dropped.

Alt text: Four panels showing that most public single-cell datasets contain cell types whose donors
contribute fewer than 10 cells, in every tissue group and at every cohort size.
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Figure 2

A within-type state shift reverses the CD8 T-cell age association in OneK1K; resolving states removes
it. (A) Deconvolved against labelled age slope for six types in 80 six-type references (weighted MuSicC,
equal-donor basis; 597 donors; proportions regressed on age, sex and sequencing pool). (B) Effector-
memory (TEM, red) and naive (grey) shares of each donor's labelled CD8 T cells against age, with OLS
slopes. (C) CD8 T-cell error of six-type references (deconvolved minus labelled proportion, averaged over
the 80 references) against the donor's TEM share. (D) Age slopes of CD8 and CD4 T cells (median and
range over eight donor sets) with six-type references of 100 donors and with references resolving 15
level-2 states (30 or 100 donors); dashed lines, labelled slopes. (E) The CD8 T-cell slope of the 15-state
references decomposed into its naive, TCM and TEM state slopes (points, the eight references with 30 or
100 donors); dashed lines, labelled slopes. (F) Median cells per donor against n* = 1/p_k for the 15
states (medians over eight references); open circles, 30 donors; triangles, 100 donors; red, states whose
median donor lies below n*; dotted line, equality.

Alt text: Six panels showing that the deconvolved CD8 T-cell age slope has the wrong sign, that this error
follows the shift of CD8 T cells to effector memory with age, and that state-resolved references with 100
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donors remove it.
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Figure 3

In islets, error that moves with HbA1c makes a borderline association significant; in real bulk,
mismatched reference and bulk profiles prevent the test. (A) Slopes of beta-cell (red) and alpha-cell
(grey) proportion on HbA1c (adjusted for age and sex) for each reference set; dashed lines, labelled
slopes; external fixed-quota columns show three-donor references; "within cohort" pools 3-24 donors
and "ext. all cells" 6, 11 and 19 (all designs in Supplementary Table S13). (B) t statistic of the alpha-cell
slope; red, [t| > 2.015; percentages, share of reference sets in which the non-significant labelled trend (t =
1.86) became significant. (C) Ratio of deconvolved to labelled HbA1c slope against k, the slope of
deconvolved on labelled proportion across the 48 donors, for the 117 reference sets; dotted ling, ratio = k
(pure scaling). (D) Alpha-cell residual after scaling (deconvolved minus fitted, k-scaled labelled
proportion), averaged over the 117 reference sets, for each donor by disease state; black lines, means.
(E) Real islet bulk (GSE50244, 89 samples): mean estimated proportion of each type for the 92 external
HPAP references (weighted MuSiC, equal-donor basis; values <0.001% shown at the axis floor). (F) Share
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of counts from four hormone and marker genes in the HPAP
in the median bulk sample.

reference beta- and alpha-cell profiles and

Alt text: Six panels showing inflated islet association slopes across references, a scaling analysis
showing that the excess comes from error that moves with HbA1c, and a real-bulk test in which beta

cells are not detected.
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Figure 4

The effects recur across four estimator classes. MW, MuSiC weighted; MN, MuSiC NNLS; SV,
CIBERSORT v-SVR procedure (EpiDISH CBS); IP, InstaPrism algorithm (Python transcription of the initial
module). (A) CD8 T-cell age slope of each six-type OneK1K reference (300 cells per type, eight donor sets
per D); dashed ling, labelled slope. (B) CD4 T-cell age slope divided by the labelled slope (median and IQR
of eight references). (C) CD8 T-cell age slope of the 15-state references with 30 and 100 donors (six-type
sums of the state estimates). (D) Share of islet reference sets with a significant alpha-cell-HbA1c slope
(Itl > 2.015), by design and estimator (labelled t = 1.86; D, reference donors; 60 or 300 cells per type;
within, cross-fitted halves of the target cohort); the title gives the median slope ratio to the labelled
slope. (E) MAE at a fixed budget of 300 cells per type against donors (mean * SD of eight references). (F)
Change in MAE when the same cells are averaged per donor and then equally over donors instead of
pooled, for a Python replica of the SVR recipe and for IP, in equal-quota (solid) and all-cells (dotted)
designs. (G) Standard deviation of the CD8 slope across the eight references of a design divided by the
mean bulk-side standard error.

Alt text: Seven panels comparing four deconvolution estimators: all reverse the CD8 age slope and
inflate the CD4 slope with six-type references; state-resolved references restore the CD8 sign for all; the
islet alpha association is inflated by three regression estimators and attenuated by the Bayesian one; the
fixed-budget donor gain holds for three of four estimators but not the InstaPrism algorithm, and equal-
donor averaging of the same cells changes pooled-cell estimators little; reference spread exceeds the
bulk standard error at three donors for three of four estimators.
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Figure 5

Reference-to-reference variability: its random part can be measured from one reference, its systematic
part cannot. (A) OneK1K: standard deviation of the age slope across eight donor sets divided by the
mean bulk-side standard error, for fixed-budget references. (B) Islets: standard deviation of the HbA1c
slope across donor sets divided by the standard error of the labelled slope, by design (weighted MuSiC,
equal-donor basis; D, reference donors; 60 or 300 cells per type). (C) Donor-bootstrap standard deviation
of the age slope within one reference (20 replicates; median over eight donor sets) against the standard
deviation across the eight donor sets, for six types and three designs; red, CD8 T cells; orange, NK cells;
dotted line, equality. (D) Width of the reference-resampling interval, +1.96 v(SE? + SD_boot?), relative to
the bulk-side interval (median over eight references). (E) Coverage of the bulk-side (open) and reference-
resampling (filled) intervals for the point estimates of the other seven donor sets of the same design
(grey; mean over pairs) and for the labelled slope (red; 24 references per type).

Alt text: Five panels comparing reference-to-reference spread with bulk-side standard errors, showing
that a donor bootstrap within one reference reproduces that spread and that the resulting interval covers
other references but not the labelled CD4 and CD8 T-cell slopes.

Page 23/27



A Below n* a donor is cell-limited, B Equal weights pay at small quotas,
above it donor-limited pooled weights at every quota
= optimal, n/(n + n*) 8 5 : = equal donor (MuSiC)
1
> e pooled cells (« n) S ! == pooled cells
2 —=-- equal donor weights g 1 — precision-weighted
T 5 N 4 - 1
L T S T e e e el - I
o ; 2 :
o e |
) o © 3 I
o —= i
s e : F: L (p=0.1)
SEosd e =~ i
L n o I (] I
()] y 1 o 2 A H
© i S i
= i E !
in=nmt=1 = 14
0.0 . ; /o . ;
0.1 1 10 20
Donor's cells / n* Cells per minor donor (of 60)
C n* is estimable from each reference: 8-17 cells for
blood types, 1-3 for six of eight HPAP islet types
PBMC, Perez PBMC, OneK1K Islets, HPAP Pancreas, Baron D Predicted reduction matches
(336 references) (64 references) (34 references) (576 references) 80 the full-grid observation
= < I predicted, 60 cells
=300 4 i 3\, 70 4 predicted, 300 cells observed 46%
=x S (60 cells)
- 100 A+ :: _8 60 -
0 “ Xs oo 3
T b om W e T . B 501
5] 30 4 wooo o » 4 o S, .
~ s o - ’ » >
S ¢ s b 3 £ 40 A
= s £ — oy @ ©
10+ R - R -u o= -
] ) ? - * — - 4 o |
g 30
* :".- = !.' o
c - X A —_ 3 § o
314 : - = - 7 <8 20 -
« 4 \-{ .E
1 - - G 8 9 10 A
: o

VoA A o o AN A o & 0 2 & R o x@ ¢ & O
& x D & W xS P &R X X7
F PP ® NTOUNOURNY & F N R
Ng Ny N NS e o
o4 oY Io% Io%

Figure 6

Equal-donor and pooled-cell averaging are two limits of one estimator, indexed by an estimable ratio.
(A) Optimal weight of a donor relative to a fully sampled donor, n/(n + n*), against its cell count in units
of n* = 1/p; pooled-cell weights (x n) and equal weights are the asymptotes. (B) Model variance of the
equal-donor, pooled-cell and precision-weighted means for 60 cells split (60 - 2q):q:q among three
donors, relative to 20:20:20 (p = 0.1). (C) n* = 1/p_k estimated in each reference, by cell type and source:
336 three-donor references of the diagnostic subset (Perez), 64 OneK1K references with 10-100 donors,
34 external fixed-budget HPAP islet references and 576 references of the four-donor Baron pancreas
design; points, references (values above 300 shown at 300); black lines, medians; dashed line, 10 cells.
(D) Reduction of the 10:1:1 penalty predicted from the median p_k of the diagnostic subset at 60 and
300 cells per type; dashed line, reduction observed on the full grid at 60 cells per type.

Alt text: Model curves for donor weights and variance, the distribution of the estimated characteristic
count n* across four reference sources, and predicted penalty reductions by cell type.
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Figure 7

Allocation penalty, pct points (q = cells per minor donor; weighted output unless marked NNLS)

Precision weighting in unchanged MuSiC 1.0.0 on the frozen grids of the previous study: where it helps
and where it does not. (A) Full grid (12 draw blocks, 840 targets; Table 3): allocation penalty of both
outputs with the equal-donor (MuSiC) and precision-weighted (PW) bases at 60 and 300 cells per type;
error bars, block MCSE. (B) Imbalance confined to one type (FCGR3A+ monocytes or NK cells; other
types balanced at 300 cells): penalty of the focal type against cells per minor donor. (C) Diagnostic

Page 25/27



subset: penalty at 60 cells per type against a common p used in the donor weights, for both outputs;
shaded band, estimated p_k. (D—F) Diagnostic subset (14 held-out donors; points, donors; black lines,
means): penalty at 60 (D) and 300 (E) cells per type and error of balanced references (F) for MuSiC, PW,
its gene-level version, a median-p version that behaves like pooled weights, and MuSiC with sampling-
corrected . (G) Penalty with the MuSiC and PW bases in every setting tested; g, cells per minor donor;
n*, range of the median 1/p_k over cell types, without pancreatic delta cells (140) and islet ductal and
endothelial cells (27 and 12); pancreas, four-donor Baron design with every type at 24 cells (q = 2); islets,
three external HPAP donors at 60 or 300 cells per type. Weighted output unless marked NNLS.

Alt text: Seven panels comparing allocation penalties with equal-donor and precision-weighted bases
across simulation designs, outputs and tissues.
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Figure 8

At a fixed cell budget, many donors with few cells each outperform few donors with many cells. (A)
OneK1K, 597 target pseudobulks: MAE of weighted MuSiC against donor number for fixed-budget
references (300 cells per type, 300/D per donor) with both bases, and for all-cells references (every cell
up to 300 per donor and type); mean * s.e.m. over eight donor sets. (B) Absolute error of each cell type
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for the fixed-budget references (weighted MuSiC, equal-donor basis); dashed lines, monocytes, whose
realised totals fell short of 300 at small D. (C) Islets, 48 target donors: MAE of weighted MuSiC for
within-cohort cross-fitted references (300 cells per type) and external HPAP references (fixed budget at
60 or 300 cells per type, or all cells). (D) Cells per donor and type in the eight all-cells OneK1K references
with 100 donors (800 donor entries, capped at 300); black lines, medians; shaded band, n* = 8-17 cells;
percentages, donors with fewer than 10 cells.

Alt text: Line plots showing that deconvolution error falls as cells are spread over more donors in two
cohorts, and a strip plot of natural cells per donor by cell type.
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