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Abstract 4

Background: Separate molecular assays retain coexpression even when cross-assay cell pairing is 5

unavailable. We ask which recipient measurements are needed to transfer RNA–protein dependence 6

from a paired reference. 7

Results: For finite assay profiles and a fixed interaction, we derive the sharp range of binary 8

associations compatible with specified unpaired summaries and its minimax predictor. Retrospective 9

reconstruction in 24 Cambridge donors, 56 Newcastle donors, and 15 patients with pediatric T-cell 10

acute lymphoblastic leukemia (T-ALL) reduced deviance by 16.6%, 29.2%, and 55.6% when both 11

assay-pattern distributions replaced individual frequencies (paired recipient-bootstrap 95% intervals, 12

13.0–20.3%, 25.0–33.3%, and 47.2–62.7%). Recipient preprocessing and marginal estimates used 256 13

adaptation cells; 256 untouched cells supplied the endpoint. In an independent test specified publicly 14

before count access, the unchanged blood-reference model reduced deviance by 15.7% in 11 colon-biopsy 15

donors (11.4–21.1%), improving every donor. Both patterns also improved on protein patterns alone 16

and independence after adjustment for the three prespecified comparisons. In a separate fixed-frequency 17

comparison, covariances retained 91–97% of the pattern-level gain and recipient-specific structure 18

outperformed larger matched pools. A covariance response formula improved query prioritization over 19

direct interaction strength in Newcastle and leukemia. 20

Conclusions: Assay summaries determine both the identifiable range of molecular dependence and the 21

information available for its prediction. Preserving recipient coexpression improves held-cell prediction 22

without supplying scoring-cell frequencies or cross-assay pairings. 23

Keywords: single-cell multi-omics; molecular dependence; coarsening; statistical matching; optimal transport 24

1 Background 25

Joint single-cell assays reveal how molecular measurements covary within cells. When a new cohort supplies 26

the assays separately, a paired reference can support prediction of the missing joint distribution. The 27

recipient still provides two kinds of information: the frequency of each molecular state and the patterns of 28

states observed together within each assay. These are different constraints on the cross-assay prediction. 29

Association models separate an interaction from its marginal distributions and estimate it through 30

conditional or density-ratio methods [1, 2]. Inverse optimal transport learns an interaction from paired 31

observations [3], and CHAMPOLLION applies this approach to multi-omic bridge integration [4]. We ask 32

how the resolution of recipient observations changes the relationships that such a model can recover. A 33

coarse RNA–protein association can change when the frequencies of finer cellular patterns change, even if 34
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the fine interaction is fixed. This connects cross-cohort prediction to the noncollapsibility of marginal35

association [5, 6]. Existing methods reconstruct a joint table from specified marginals and interaction36

parameters [7]. Here the complete marginals can themselves be unknown: observed within-assay summaries37

constrain them, leaving a set of possible coarse associations.38

For finite assay supports and a specified interaction, we derive the sharp range of binary associations39

compatible with unpaired summaries that determine the query frequencies. The range gives a minimax40

prediction and quantifies ambiguity remaining after those summaries are known exactly. It includes the41

case in which every individual marker frequency is supplied; retaining only the two queried frequencies42

gives a closed form. We then test whether preserving within-assay structure improves prediction on43

untouched recipient cells. Each comparison holds the source interaction, cells, and estimated recipient44

marker frequencies fixed, separating the value of retained information from differences between fitted45

estimators. To identify which structure matters, we preserve recipient covariances with pairwise maximum-46

entropy models [8], then compare them with models built from source donors or other recipients in the47

same cohort. A response expansion explains how recipient coexpression changes a transferred association48

and gives a query-ranking rule computable from unpaired assays.49

2 Methods50

2.1 Reconstruction at the observed assay resolution51

Let x and y denote RNA and protein profiles on finite supports. A finite transferred interaction S(x, y)52

defines a family of recipient distributions53

q(x, y) = exp{S(x, y) + a(x) + b(y)}. (1)

The adjusting functions a and b enforce the observed recipient assay distributions, including normalization.54

When both assay distributions are known and strictly positive, they determine a unique reconstruction [1].55

Molecular queries are obtained by summing its probabilities over the corresponding profile states.56

When only individual marker frequencies are retained, we instead fit the exponential-family distribution57

whose adjusting functions are linear in the marker indicators. The same interaction therefore supports58

several reconstructions, depending on the recipient constraints. The means-only model constrains marker59

frequencies but leaves within-assay dependence unconstrained.60

2.2 A sharp limit at the observed resolution61

Let the observed RNA and protein summaries be arbitrary finite collections of within-assay means. Assume62

they define nonempty convex polytopes R and C of complete assay distributions consistent with those63
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summaries. For each r ∈ R and c ∈ C, entropic reconstruction gives the unique joint distribution QS(r, c) 64

with interaction S and assay marginals r, c, allowing zero-mass assay states (Additional file 1). For a 65

binary query U = f(x) and V = g(y), define 66

ℓ = min
r∈R,c∈C

Pr
QS(r,c)

(U = 1, V = 1),

h = max
r∈R,c∈C

Pr
QS(r,c)

(U = 1, V = 1).

If the summaries determine the query frequencies mU = Pr(U = 1) and mV = Pr(V = 1), the set of query 67

tables from these reconstructions is exactly 68


1−mU −mV + t mV − t

mU − t t

 : ℓ ≤ t ≤ h

 . (2)

The result follows because R × C is compact and connected and the matrix-scaled reconstruction is 69

continuous. It is the sharp identified set when all individual marker frequencies are supplied: take the 70

defining means of R and C to be the frequencies of all markers. Complete assay-profile histograms collapse 71

both polytopes to points. These are the constraints used by the means-only and full-pattern reconstructions. 72

Additional file 1 gives the formal result and proof. 73

The means-only exponential-family fit selects one member of this set by information projection. The 74

interval records what the supplied frequencies identify without that additional selection. 75

Write P (t) for the table in Eq. (2). The unique minimax table P∗ equalizes the forward Kullback– 76

Leibler (KL) loss from the endpoint tables P (ℓ) and P (h): KL(P (ℓ)∥P∗) = KL(P (h)∥P∗). Within this 77

fixed-interaction family with exact population summaries, no predictor has smaller worst-case forward KL 78

loss. Computing ℓ and h requires global optimization over the marginal polytopes; these outer problems 79

need not be convex. The interval is an analytic characterization, not a general efficient endpoint algorithm. 80

Writing H(P ) = −
∑

P logP , its log odds are 81

θ∗ =
H(P (ℓ))−H(P (h))

h− ℓ
(ℓ < h). (3)

When the recipient retains only the two queried frequencies, the endpoints have a closed form. For a 82

fine rectangle with f(x0) = g(y0) = 0 and f(x1) = g(y1) = 1, define its interaction contrast 83

d = S(x0, y0) + S(x1, y1)− S(x0, y1)− S(x1, y0). (4)
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Let L and H be the smallest and largest such contrasts. The compatible coarse log odds fill [L,H] in84

closure, so ℓ and h are the cell probabilities with margins mU ,mV and log odds L,H. The information-85

radius argument uses classical minimax KL geometry [9]; our resolution-specific result is the exact interval86

induced by the observed within-assay constraints.87

To see the interval directly, sum the fine-table identity q(x0, y0)q(x1, y1) = edq(x0, y1)q(x1, y0) over88

all rectangles. The coarse odds ratio is a positively weighted average of ed, placing its log in [L,H].89

Concentrating each assay margin on an extremizing pair of profiles attains either endpoint in closure.90

Continuity over the connected set of compatible margins fills the interval between them.91

2.3 Individual frequencies can all agree92

The ambiguity also occurs when every marker’s individual frequency is known. Consider two binary93

RNA markers and one protein marker, coded as Z1, Z2,W ∈ {−1, 1}, each with mean zero. Fix the fine94

interaction to S = JZ2W , with J ̸= 0. Let the recipient RNA distribution have correlation ρ = E(Z1Z2).95

Reconstruction gives96

E(Z1W ) = ρ tanh J. (5)

Changing ρ from negative to positive reverses the queried RNA–protein association without changing97

J or any individual marker frequency. Separate RNA profiles reveal ρ; their individual frequencies98

do not. As ρ ranges over its compatible values, the all-marker interval for Pr(Z1 = 1,W = 1) is99

[(1− | tanh J |)/4, (1 + | tanh J |)/4]. The example therefore gives a nondegenerate instance of Eq. (2), not100

a separate ambiguity claim.101

2.4 How coexpression changes the prediction102

For fixed positive assay distributions on finite supports, scale a bilinear interaction as St(x, y) = tx⊤By,103

where B is the source interaction matrix and t sets its strength. Let Σx and Σy be the two within-assay104

covariance matrices. Near independence, the reconstructed cross-assay covariance satisfies105

Covqt(X,Y ) = tΣxBΣy +O(t2). (6)

To first order, each predicted RNA–protein covariance sums source interactions weighted by recipient106

covariances in both assays. A source coefficient therefore need not equal the marginal association observed107

in a new population. This is the multivariate counterpart of Eq. (5).108

This local formula is the initial value of an exact finite-strength identity. Let st = ∂t log qt(X,Y ) be the109

score along the fixed-marginal reconstruction, and write X̄ = X − ErX and Ȳ = Y − EcY . The marginal110
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constraints give Eqt(st | X) = Eqt(st | Y ) = 0, and hence 111

Covq1(X,Y ) =

∫ 1

0

Eqt{X̄Ȳ ⊤st} dt. (7)

At independence, s0 = X̄⊤BȲ , which recovers Eq. (6). 112

The second-order term contracts two copies of B with the third central moments of each assay 113

(Additional file 1). Thus preserving means and covariances preserves the first-order prediction but does 114

not determine the prediction at the fitted interaction strength. The expansion specializes the dependence- 115

model score-projection identities of Sei and Yano [1]; it motivates a controlled test of covariance against 116

complete pattern information. 117

The response also predicts which queries are sensitive to replacing recipient coexpression by pooled 118

structure. For a binary query with nonconstant marker frequencies, subtract the queried entries of ΣxBΣy 119

for the recipient and pool, square the difference, and divide by the product of the two marker variances. This 120

is the leading coefficient of twice the KL divergence between their query distributions near independence 121

(Additional file 1). We test whether this score identifies relationships whose empirical prediction improves 122

with recipient-specific reconstruction. 123

In the fixed-frequency analysis, we evaluated the response rule along t ∈ {0.05, 0.10, 0.25, 0.50, 0.75, 1}. 124

At each value, we exactly reconstructed the recipient covariance model and the leave-one-recipient-out 125

cohort-pool model, then compared the response coefficient with twice the forward KL divergence between 126

their 81 query tables. We report pooled and within-recipient Spearman correlations, top-27 overlap, and 127

the ratio of exact discrepancy to its quadratic approximation. Recipient-bootstrap intervals used 20,000 128

draws with seed 906095. 129

2.5 Data and recipient information 130

The source comprised 12 Cambridge calibration donors from the Stephenson CITE-seq (cellular indexing of 131

transcriptomes and epitopes by sequencing) study [10]. Recipients comprised the remaining 24 Cambridge 132

donors, 56 Newcastle donors, and all 15 diagnosis patients in the public pediatric T-ALL study, GSE248287 133

[11], which sorted and remixed immune and malignant cells before sequencing. The fixed panel was CD4, 134

CD7, CD14, CD19, CD33, CD38, CD44, CD47, and CD52 in both assays. Each person contributed 512 135

cells selected deterministically without consulting their molecular counts. The first 256 cells supplied 136

adaptation profiles; the remaining 256 supplied evaluation tables. Cross-assay correspondence in the 137

adaptation half was discarded, so reconstruction received two separate assay distributions. 138
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2.6 Prediction from adaptation cells alone139

RNA states recorded detection. For each person and protein, the median count among the 256 adaptation140

cells defined a threshold. Counts strictly above this threshold were high; ties were low. The same threshold141

was applied to scoring cells without using their values to define it.142

We fitted the source interaction once on the 12 Cambridge source donors under these state definitions,143

using pairing contrasts with penalty 10−4. The contrasts compare observed cell pairs with within-donor144

swaps and remove additive assay effects from the likelihood [1]. A product-Bernoulli source prior with145

total pseudocount mass four smoothed each recipient adaptation histogram. The resulting histograms146

determined every recipient marginal constraint; no scoring-cell frequencies or pairings entered prediction.147

The four reconstructions retained individual frequencies, RNA patterns plus protein frequencies, protein148

patterns plus RNA frequencies, or both pattern distributions. All used the same interaction and the same149

estimated marker frequencies. An independence control used the product of those frequencies. Predictions150

were fixed before scoring the remaining 256 cells. Full patterns were compared with individual frequencies,151

protein patterns, and independence in each cohort, giving nine contrasts. Additional file 1 specifies the152

source fit, smoothing, and numerical checks.153

2.7 Fixed-frequency decomposition of the information gain154

To isolate dependence prediction from errors in estimated marker frequencies, we also analyzed the same155

recipients conditional on their scoring-cell frequencies. This analysis used the original donor-wide protein156

states and source fit described below. Its losses are reported separately because its states and permitted157

information differ from adaptation-only prediction.158

RNA states recorded detection. Protein states divided each person’s 512 cells into lower and upper159

rank halves, with deterministic hash-based tie breaking. The first 256 cells supplied separate RNA and160

protein pattern histograms. A source prior with total pseudocount mass four smoothed each histogram,161

which was tilted to the individual marker frequencies of the remaining 256 cells. Cross-assay pairings in162

those remaining cells were used only for scoring.163

We estimated B in the binary interaction S(x, y) = x⊤By by pairing contrasts, with penalty 10−4
164

selected on source donors. These contrasts compare observed pairs with their within-donor swaps, removing165

additive assay effects from the likelihood [1]. The same fitted B was used in every arm without refitting166

or recipient tuning.167

The four arms retained individual frequencies alone, RNA patterns plus protein frequencies, protein168

patterns plus RNA frequencies, or both pattern distributions. Each arm used the exponential-family169

reconstruction satisfying its specified constraints. Complete pattern constraints were fitted by matrix170

scaling; individual frequency constraints were fitted by moment matching.171

6



For the covariance intervention, we replaced each smoothed, tilted assay distribution by the maximum- 172

entropy distribution matching its first and second marker moments. On a binary panel this distribution 173

has unary and pairwise log-linear terms [8]. Reconstruction used these replacement marginals and the 174

unchanged B. The intervention preserves measured coexpression but replaces pattern structure not 175

determined by those moments. 176

To test recipient specificity, we constructed two pooled controls from the first 256 cells of either the 177

12 source donors or all other recipients in the query person’s cohort. The latter pool excluded the query 178

person and contained 23 Cambridge donors, 55 Newcastle donors, or 14 T-ALL patients. Each contributor 179

added prior mass four, preserving the prior fraction. Pooled histograms underwent the same tilting to 180

recipient marker frequencies and maximum-entropy replacement. The cohort control used other recipients’ 181

unpaired profiles; neither control used their scoring-cell patterns. 182

For query prioritization, the response score used the recipient and cohort-pool covariances. The 183

comparator used the squared direct source coefficient B2
ij multiplied by the two marker variances. Each 184

rule ranked all 81 pairs within each person, with zero assigned to constant-marker queries and ties resolved 185

by the fixed marker order. The top-third comparison and scores were fixed before calculating pair-specific 186

losses. We compared the mean deviance gain among the response score’s top 27 and bottom 27 pairs, then 187

compared its top 27 with the comparator’s top 27. Both rules used the same recipient predictions; only 188

the ranking changed. 189

2.8 Endpoint and uncertainty 190

The outcome was twice the KL divergence from each empirical scoring table to its prediction, averaged 191

over all 81 RNA–protein pairs and then equally over people. Constant-marker tables were retained. 192

Intervals used 20,000 paired recipient-bootstrap draws. The adaptation-only analysis adjusted across its 193

nine contrasts. For the fixed-frequency analyses, Bonferroni percentile intervals were calculated within 194

three comparison families: nine contrasts between full patterns and the three less detailed representations; 195

six contrasts comparing covariance-preserving reconstruction with full patterns or individual frequencies; 196

and six contrasts comparing recipient-specific covariance with the two pools. The six query-ranking 197

contrasts formed a fourth family. Intervals reported as 95% intervals are unadjusted; multiplicity-adjusted 198

conclusions are stated separately. These analyses were specified after earlier outcomes had been examined 199

and are retrospective. 200

2.9 Independent transfer from blood to colon 201

We applied the unchanged blood-reference interaction to colon-biopsy CITE-seq from healthy controls 202

and patients with ulcerative colitis [12]. Eleven physical donors supplied at least 512 paired-assay cells: 203

four controls, four patients receiving aminosalicylates, and three receiving vedolizumab. Biopsies from the 204
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same person were pooled; a twelfth donor had 433 eligible cells and did not meet the fixed cell budget. All205

deposited cell types were retained. The nine-marker panel, cell selection, state definitions, source fit, and206

prediction protocol were fixed publicly before molecular count access [13].207

The first 256 selected cells supplied separate assay distributions and the remaining 256 supplied208

scoring tables. No source refitting or recipient tuning was performed. The three prespecified comparisons209

tested full patterns against individual frequencies, protein patterns, and independence. Success required210

positive Bonferroni percentile lower bounds for all three comparisons and at least 10% mean deviance211

reduction against individual frequencies. These intervals used 20,000 paired donor-bootstrap draws and212

were calculated separately from the retrospective cohorts.213

3 Results214

3.1 Assay patterns improve prediction on untouched cells215

Both assay-pattern distributions improved adaptation-only prediction in all three cohorts (Fig. 1). Mean216

deviance fell from 0.02229 to 0.01858 in Cambridge, from 0.03233 to 0.02289 in Newcastle, and from 0.05847217

to 0.02599 in T-ALL. These are reductions of 16.63% (95% interval, 13.05–20.34%), 29.19% (25.00–33.28%),218

and 55.56% (47.25–62.67%). Full patterns improved 24/24, 55/56, and 15/15 people, respectively.219

Retaining RNA patterns in addition to protein patterns reduced loss by 5.36% (95% interval, 3.33–220

7.49%), 12.27% (10.19–14.31%), and 31.76% (25.91–37.86%). Reductions relative to independence were221

46.14%, 47.41%, and 65.16%. All nine multiplicity-adjusted intervals had positive lower endpoints. Thus222

the pattern-level advantage persisted when recipient preprocessing and marginal estimates used adaptation223

cells alone, including the uncertainty those estimates introduce into held-cell prediction.224

3.2 The blood-reference model transfers to colon biopsies225

Full assay patterns reduced mean deviance from 0.02588 to 0.02183 in the 11 independent colon donors, a226

reduction of 15.65% (95% interval, 11.39–21.09%; Fig. 1). Every donor improved relative to individual227

frequencies. Loss fell by 5.42% relative to protein patterns alone (2.88–8.66%; 10/11 donors) and by228

31.13% relative to independence (25.83–37.11%; 11/11 donors). The three adjusted lower bounds were229

10.89%, 2.56%, and 24.85%, respectively, meeting the prespecified criterion. This transfer used recipient230

measurements made separately within each assay without changing the interaction learned in blood.231

Additional file 1 reports all five arms and the descriptive clinical-group summaries.232

3.3 Within-assay patterns improve dependence prediction233

Conditional on the scoring-cell frequencies, retaining both assay patterns reduced deviance in all three234

cohorts (Table 1). Relative to individual frequencies alone, the reductions were 36.55% in Cambridge,235
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0 20 40 60 80

Colon (n = 11)

T-ALL (n = 15)

Newcastle (n = 56)

Cambridge (n = 24)

Deviance reduction with both assay patterns (%)

vs individual frequencies vs protein patterns vs independence

Fig. 1 Separate assay patterns improve prediction without scoring-cell summaries. Full-pattern reconstruction
is compared with three controls at the same adaptation-derived marker frequencies. Points show relative mean-deviance
reductions; bars are paired recipient-bootstrap 95% intervals. Each cohort uses 256 adaptation and 256 scoring cells per
person. Protein thresholds, assay histograms, and marker frequencies use adaptation cells only. The source interaction is
fixed across arms. All nine Bonferroni percentile intervals for the three retrospective cohorts have positive lower endpoints.
The colon test, separated below, used the unchanged source model and a protocol published before count access; all three of
its adjusted intervals are positive. Nominal intervals are shown.

Table 1 Prediction with a fixed source interaction and different assay information.

Recipient information Cambridge (n = 24) Newcastle (n = 56) T-ALL (n = 15)

Individual marker frequencies 0.009606 0.015761 0.038007
RNA patterns and protein frequencies 0.007982 0.012231 0.025008
RNA frequencies and protein patterns 0.007106 0.010869 0.021243
Means and covariances (maximum entropy) 0.006399 0.008572 0.011553
Source pool, matched recipient frequencies 0.007094 0.011927 0.029302
Cohort pool, matched recipient frequencies 0.007043 0.010446 0.021385
Both assay-pattern distributions 0.006095 0.008377 0.010358

Mean donor deviance over all 81 marker pairs; lower is better. The source interaction, scoring cells, and recipient marker frequencies
were fixed. Pooled controls replaced recipient adaptation profiles with separate-assay profiles from source donors or other people in
the same cohort, keeping the prior fraction unchanged.

46.85% in Newcastle, and 72.75% in T-ALL. The full-pattern arm improved 23/24, 55/56, and 15/15 236

recipients, respectively. 237

Protein patterns gave lower mean loss than RNA patterns in each cohort, but retaining RNA patterns 238

in addition improved prediction further. Against the protein-pattern arm, the reductions were 14.23% 239

in Cambridge (95% interval, 9.46–19.07%), 22.92% in Newcastle (15.71–29.28%), and 51.24% in T-ALL 240

(45.29–57.07%). All nine Bonferroni percentile intervals had positive lower endpoints. Retaining RNA 241

patterns therefore improved prediction even when the full protein-pattern distribution was available. 242

3.4 Recipient covariances recover most of the pattern-level gain 243

The covariance-preserving replacement retained 91.36% (paired-bootstrap 95% interval, 89.09–94.03%), 244

97.36% (96.28–98.38%), and 95.68% (93.42–97.25%) of the loss reduction from individual frequencies 245

to full patterns in Cambridge, Newcastle, and T-ALL, respectively. Full patterns improved further by 246
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T-ALL (n = 15)

Newcastle (n = 56)

Cambridge (n = 24)

Deviance reduction (%)

Recipient vs. source pool

Recipient vs. cohort pool

Full patterns vs. recipient

Fig. 2 Recipient-specific structure improves dependence transfer. Squares and circles compare recipient covariance-
preserving reconstruction with source and other-recipient pools, respectively. Triangles show the further improvement from
full recipient patterns over recipient covariance alone. Points are relative mean-deviance reductions; lines are paired donor-
bootstrap 95% intervals conditional on the fitted models and pools. All arms use the same source interaction and recipient
marker frequencies. Cambridge and Newcastle belong to the same study.

4.74% (95% interval, 2.81–6.78%), 2.27% (1.25–3.37%), and 10.35% (7.59–13.74%), improving 22/24,247

44/56, and 15/15 people. All six contrasts remained positive under the separate Bonferroni adjustment.248

Pairwise within-assay statistics therefore recovered most of the gain, with a smaller additional benefit249

from retaining the original patterns.250

Recipient-specific covariance also improved on both pooled controls (Fig. 2). Against the source pool,251

deviance fell by 9.80%, 28.13%, and 60.57% in Cambridge, Newcastle, and T-ALL. Against other recipients252

in the same cohort, the reductions were 9.15% (95% interval, 2.29–15.57%), 17.94% (12.58–23.00%),253

and 45.97% (35.24–55.79%), with improvements in 15/24, 42/56, and 14/15 people. All six Bonferroni254

percentile intervals had positive lower endpoints. Each recipient supplied 256 adaptation cells per assay,255

compared with 3,072 source cells or 3,584–14,080 cells in the cohort pool. Matching individual frequencies256

and using more cells from other people did not recover the recipient-specific gain.257

3.5 Coexpression prioritizes recipient-specific corrections258

The response score concentrated the recipient-specific gain into relatively few relationships (Fig. 3). Its top259

third accounted for 87.0%, 90.1%, and 85.5% of the net deviance reduction in Cambridge, Newcastle, and260

T-ALL, compared with 85.0%, 60.9%, and 38.5% under direct source-interaction ranking. In Newcastle,261

the mean gain per selected pair was 0.00506 under the response score and 0.00342 under direct ranking;262

the paired difference was 0.00164 (95% interval, 0.00085–0.00256). In T-ALL the gains were 0.02523 and263

0.01135, a difference of 0.01388 (0.00906–0.01925). Both contrasts survived the six-comparison adjustment.264

Cambridge gave similar gains under the two rankings, 0.00168 and 0.00164 (difference, 0.00004; −0.00077265

to 0.00085).266

The top-to-bottom-third gain differences were 0.00171 in Cambridge (95% interval, 0.00029–0.00330),267

0.00498 in Newcastle (0.00318–0.00705), and 0.02426 in T-ALL (0.01648–0.03365). The latter two retained268
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Fig. 3 Unpaired coexpression identifies relationships that benefit from correction. Pairs are ranked separately
within each person. Curves show cumulative deviance improvement from recipient covariance over the cohort pool, divided by
the net improvement across all 81 pairs. Teal uses the covariance-response score; gray uses direct source-interaction strength.
The dotted line is the expected fraction under uniform selection. Curves are descriptive cohort aggregates; donor-bootstrap
comparisons at 27 pairs are reported in the text. Net gain can exceed 100% when excluded corrections worsen prediction.

positive Bonferroni intervals. In T-ALL, the three highest cohort-mean scores were for CD7 RNA–CD4 269

protein, CD4 RNA–CD52 protein, and CD7 RNA–CD52 protein; their mean deviance gains were 0.04513, 270

0.01245, and 0.04981. The original study used CD4 and CD7 to distinguish T-cell populations and included 271

CD52 in a leukemia expression signature [11]. These corrections concern marker combinations associated 272

with the cohort’s cellular heterogeneity. 273

3.6 The response ranking persists at fitted strength 274

The response coefficient remained closely aligned with exact model discrepancy throughout the continuation 275

(Additional file 1). At t = 1, mean within-recipient Spearman correlations were 0.941 in Cambridge 276

(95% interval, 0.935–0.948), 0.942 in Newcastle (0.937–0.947), and 0.939 in T-ALL (0.919–0.954). The 277

response and exact rankings shared 90.3%, 89.5%, and 89.1% of their top 27 queries, respectively. The 278

cohort-aggregate exact discrepancy at t = 1 was 40.8%, 32.1%, and 28.3% of the quadratic approximation. 279

4 Discussion 280

The resolution at which a relationship is reported need not be the resolution at which it should be transferred. 281

A binary RNA–protein table depends on the distribution of finer cellular profiles. Reconstructing those 282

profiles before aggregation allowed one source interaction to predict different recipient associations using 283

measurements made separately within each assay. The adaptation-only analysis establishes this advantage 284

without supplying scoring-cell summaries. The conditional analysis then separates the contribution 285

of coexpression from marginal-frequency estimation error. The independent colon test extends the 286

pattern-level advantage to a new tissue and study without refitting the blood-reference interaction. 287

The pooled controls distinguish recipient-specific coexpression from generic population structure: more 288

observations from other people did not replace the recipient’s own assay patterns. Equation (6) explains 289

how within-assay covariances alter the association induced by a fixed source interaction. It also explains 290
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why ranking direct source coefficients can miss relationships that change in a recipient. The response score291

uses the covariances around each query to identify these relationships, improving prioritization in two292

cohorts. At the other extreme, the coarsening bound describes the range of associations left unresolved293

when those measurements are unavailable. Together, these results connect the detail retained in separate294

assays to both the limits of prediction and the choice of queries.295

5 Limitations296

The blood and leukemia analyses reuse previously examined recipients from two studies. The colon analysis297

was specified before count access, but uses one existing study and eleven donors; it is not a prospective298

specimen collection. Its clinical groups are too small to establish disease- or treatment-specific effects.299

The adaptation-only test changes the protein-state definition as well as the information boundary; its300

effect sizes cannot be subtracted from the conditional results to measure information leakage. Intervals301

condition on the source fit and fitted pools, omitting their estimation uncertainty, dependence between302

overlapping cohort pools, and the adaptive research history.303

The panel contains nine RNA and nine protein markers. The conditional analysis uses donor-wide304

protein ranks and individual scoring-cell marker frequencies; the adaptation-only analysis uses neither.305

Two Stephenson recipients have almost no counts across the protein panel and were retained. The task is306

fixed-margin dependence prediction from separately measured assays, not missing-modality imputation307

without target assay observations. The results do not isolate within-cell-type regulation or establish308

molecular binding, causal effects, or clinical utility.309

The identified interval assumes a known transferable interaction, finite assay supports, and exact310

recipient summaries. Its all-marker endpoints require global optimization over the corresponding marginal311

polytopes; only the two-frequency case has the closed form reported here. The examples establish ambiguity,312

not its biological magnitude. Query-wise minimax predictions need not form a coherent multivariate law.313

Interaction drift, sampling error, and coarsening ambiguity remain distinct.314

We tested one maximum-entropy replacement, which preserves fitted means and covariances but can315

induce higher-order correlations. The retained gain is descriptive, not causal mediation. The exact response316

identity holds at finite strength, but the quadratic coefficient overestimated the magnitude of model317

discrepancy at t = 1. Its query score predicts model discrepancy, not error against an arbitrary biological318

population. The query-ranking advantage over direct source strength was unresolved in Cambridge.319

Prioritization requires the full measured panel and does not establish savings from measuring fewer320

markers. Sorting and cell mixtures can contribute to the observed coexpression.321

Reconstruction, noncollapsibility, and minimax KL prediction have established foundations. The theory322

concerns the resolution-dependent identified set; the experiments establish an information advantage,323
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not a superior interaction learner. The earlier matched CHAMPOLLION-objective comparison did not 324

establish superiority and remains documented with the historical benchmark. 325

6 Conclusions 326

Within-assay cellular patterns improved RNA–protein prediction across cohorts and in an independent 327

blood-to-colon test with the source interaction held fixed, including prediction on untouched cells without 328

supplying their marginal summaries. In the conditional analysis, recipient-specific covariances retained 329

most of the pattern-level gain and outperformed source and cohort pools matched to the same marker 330

frequencies. Full patterns improved further in each cohort. Separately measured recipient coexpression can 331

therefore support molecular predictions that individual frequencies and cohort averages do not recover. 332
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