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Abstract 12 
Liquid biopsies using cell-free RNA (cfRNA) can noninvasively measure dynamic physiological changes 13 
throughout the body. While there is much effort in the liquid biopsy field to determine disease tissue-of-14 
origin, pathophysiology occurs at the cellular level. Here, we show that it is possible to determine cell 15 
type-of-origin from cfRNA by leveraging single cell transcriptomic atlases to perform computational 16 
deconvolution. We derived cell type gene signatures by combining the whole-body single cell atlas 17 
Tabula Sapiens, individual tissue single cell atlases, and bulk tissue atlases. Using deconvolution, we 18 
identified cell types-of-origin in the healthy human cell-free transcriptome, including contributions from 19 
multiple cell types in the brain, liver, lung, intestine, kidney, and pancreas in addition to hematopoietic 20 
cell types. We further showed that it is possible not only to detect cell types implicated in the pathology of 21 
chronic kidney disease (CKD) and Alzheimer’s disease (AD), but also to measure changes in these cell 22 
types as a function of disease state. Altogether, our results show that cfRNA measurements reflect cellular 23 
contributions in health and disease from diverse tissue-specific cell types. These findings underscore the 24 
resolution at which one can monitor pathophysiological changes and the broad potential prognostic utility 25 
afforded by non-invasive transcriptomic measurement. 26 
 27 
Introduction 28 

Cell-free RNA (cfRNA) in blood plasma enables dynamic and longitudinal phenotypic insight 29 
into diverse physiological conditions, spanning oncology and bone marrow transplantation1, obstetrics2,3, 30 
neurodegeneration4, and liver disease5 . Liquid biopsies that measure cfRNA afford broad clinical utility 31 
since cfRNA represents a mixture of transcripts that reflects the health status of multiple tissues. 32 
However, several aspects about the physiologic origins of cfRNA including the contributing cell types-of-33 
origin remain unknown, and most current assays focus on tissue level contributions2–46,7. Although 34 
information about tissue-of-origin can provide insight into transcriptional changes at a disease site, it 35 
would be even more powerful to incorporate knowledge from cellular pathophysiology which often forms 36 
the basis of disease8. This would also more closely match the resolution afforded by invasive biopsy.  37 
 Single cell transcriptomics (scRNA-seq) enable insight into the heterogeneous cellular 38 
transcriptional landscapes of tissues in health and disease9. Numerous scRNA-seq tissue atlases provide 39 
powerful reference data for defining cell type specific gene profiles in the context of an individual tissue.  40 
However, the starting set of cell types influences a differential expression analysis, which guides the 41 
assignment of a gene as cell type specific. cfRNA originates from cell types across the human body. 42 
Therefore, interpreting a measured gene in cfRNA as cell type specific relies on the completeness of 43 
relevant atlases. The Tabula Sapiens (TSP) cell atlas10 from 14 tissues enables the most comprehensive 44 
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derivation of cell type specific gene profiles in the context of a single individual to date, all determined 45 
with uniform methods and sequencing, and we used this resource for our deconvolution process. For cell 46 
types originating from tissues absent from the draft TSP atlas, we derived specific gene profiles by 47 
combining a given single tissue cell atlas with comprehensive bulk transcriptomic datasets, including the 48 
Genotype-Tissue Expression (GTEx) project11 and the Human Protein Atlas (HPA)12.  49 
 In this work, we defined cell type specific gene profiles in the context of the whole body to 50 
identify the cell types comprising the cf-transcriptome. First, we computationally deconvolved the cell 51 
types-of-origin in the healthy human cf-transcriptome using the TSP cell atlas and individual scRNA-seq 52 
tissue atlases. Next, we measured striking cfRNA changes associated with cell types implicated in chronic 53 
kidney disease (CKD) and Alzheimer’s disease (AD) that are consistent with observed clinical pathology. 54 
Altogether, we demonstrate that it is possible to decompose the cf-transcriptome into distinct cell type 55 
contributions even in the absence of a complete whole body single cell reference, and demonstrate that 56 
cell type specific changes in disease can be measured noninvasively using cfRNA. 57 
 58 
Results 59 
Deconvolution of cell type specific signals in the healthy cell free transcriptome 60 
 We used published exome-enriched cf-transcriptome data1 to characterize the landscape of cell 61 
type specific signal in the plasma of healthy individuals (Fig. 1A). After eliminating low-quality cfRNA 62 
samples (Fig. S1, Methods), we intersected the set of genes detected in healthy individuals (n = 5) with a 63 
database of cell-type specific markers defined in context of the whole body13 with stringent expression 64 
requirements (Fig. 1B, Methods). Marker genes for cell types originating from the blood, brain, and liver 65 
were readily detected, as previously observed at tissue level1,3–5. Kidney, GI track, and pancreas cell type 66 
markers were additionally detected (Fig. 1B).  67 

Given the robust detection of several cell types contributing to the cf-transcriptome, we then 68 
deconvolved the fractions of cell-type specific RNA using TSP. We defined the cf-transcriptome as a 69 
linear combination of cell type specific RNA contributions using a deconvolution method, nu-SVR, 70 
originally developed to decompose bulk tissue transcriptomes into fractional cell type components14,15 71 
(fig. S2). This required specifying a basis matrix with a representative gene set (rows) that could 72 
accurately and simultaneously resolve the distinct cell types (columns). To reduce multicollinearity, we 73 
grouped transcriptionally similar cell types (Methods). We observed that the basis matrix appropriately 74 
described cell types as most similar to others from the same organ compartment, where cell types 75 
originating from the same compartment cluster together and correspond to the highest off-diagonal 76 
similarity (Fig. 1C). We also confirmed that the defined basis matrix can correctly deconvolve cell type 77 
specific RNA fractional contributions from several GTEx bulk tissue samples (fig. S3, S4, Supplementary 78 
Note).  79 

We then deconvolved the cell types-of-origin contributing to the plasma cf-transcriptome (Fig. 80 
1D). We observed a large signal from hematopoietic cell types, as well as smaller, distinct transcriptional 81 
contributions from tissue-specific cell types from the large and small intestine, lungs, and pancreas (Fig. 82 
1D, fig. S5A, B). The highest cell type contributors were monocytes (18.6 ± 2.3%), platelets (13.6 ± 3.5 83 
%), erythrocytes and erythroid progenitors (15.8 ± 9.1%), and lymphocytes (15.7 ± 2.7%). There was 84 
good pairwise similarity amongst all biological replicates (r ≥ 0.66, fig. S5C). The predominant cell types 85 
and their respective proportions we observe are generally consistent with recently published estimates for 86 
serum cfRNA1 and plasma cfDNA16. We also observed small fractional contributions from endothelial 87 
cells, pancreatic cells, intestinal enterocytes, kidney epithelia, club cells, goblet cells, pancreatic acinar 88 
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cells, and other pancreatic cells (Fig. 1D), underscoring the contributions of non-hematopoietic cell types 89 
to the cf-transcriptome. 90 

Some cell types likely present in the plasma cf-transcriptome were not found in this 91 
decomposition because the source tissues were absent from the TSP version 0.9. Deconvolution 92 
performance yielded an elevated root mean square error (RMSE) (86 ± 5.2 CPM) and reduced Pearson 93 
correlation (0.43 ± 0.08) compared to deconvolved GTEx tissues whose cell types were completely in the 94 
basis matrix (fig. S3). To understand which cell type contributions might be absent from this present 95 
analysis, we intersected the genes measured in cfRNA but absent from the basis matrix with tissue 96 
specific genes annotated by the HPA transcriptomic atlas12 (Methods). This identified brain, liver, testis, 97 
skeletal muscle, and cardiac muscle as tissues with several reliably measured genes in the plasma cfRNA 98 
(Fig. 1E, Methods) whose cell types were not found during systems-level deconvolution. 99 
 We then defined cell type specific gene profiles for these tissues in context of the whole body. To 100 
do so, we leveraged individual tissue cell atlases17–19 but only considered cell types unique to a given 101 
tissue (fig. S6, Methods). This formulation allowed us to apply bulk GTEx and HPA transcriptomic data 102 
to ensure whole body specificity using stringent expression specificity constraints. First, we required a 103 
given gene to be differentially expressed in a given cell type against all others within an individual tissue 104 
cell atlas (Fig 2A, fig. S7A) (Methods). Second, we required high expression inequality across tissues 105 
measured by the Gini coefficient20 (Fig 2B, fig. S7B & fig. S8) (Methods). We validated the specificity of 106 
a given gene profile to its corresponding cell type by comparing the aggregate expression of a given cell 107 
type signature in its native tissue compared to that of the average across remaining GTEx tissues (Fig 2C, 108 
fig. S7C). We uniformly observed a median fold change greater than one in the signature score of a cell 109 
type gene profile in its native tissue relative to the mean expression in other tissues, confirming high 110 
specificity.  111 

Next, we estimated a signature score for each cell type in the cf-transcriptome using its specific 112 
gene profile by summing the measured level for all included genes (Fig. 2D), and observed contributions 113 
from multiple brain cell types, hepatocytes, and cardiomyocytes. Specifically, we measured a strong 114 
signature score from excitatory neurons and a reduced signature score from inhibitory neurons. We also 115 
observed strong signals from astrocytes, oligodendrocytes, and oligodendrocyte precursor cells. These 116 
glial cells facilitate brain homeostasis, form myelin, and provide neuronal structure and support8. 117 
Evidence of RNA transport across the blood brain barrier (BBB)21, BBB permeability22, and brain regions 118 
in direct contact with the blood23 help rationalize brain cell type signature detection in the cf-119 
transcriptome. 120 

We additionally observed a strong hepatocyte signature score, which is consistent with their high 121 
turnover rate and cellular mass24, a small signal for atrial cardiomyocytes, and negligible signal from 122 
ventricular cardiomyocytes, consistent with the low level of cardiomyocyte death in healthy adults25 (Fig. 123 
2D). These observations augment the resolution of previously observed brain-3,4, liver-5, and heart26- 124 
specific genes reported to date in cfRNA. 125 
 126 
Plasma cfRNA measurement reflects cellular pathophysiology 127 

Cell type specific changes drive disease etiology8, and we asked whether cfRNA reflected 128 
changes in pathological cell types. We considered trophoblasts in preeclampsia27,28, proximal tubules in 129 
CKD29,30, and multiple brain cell types in AD17,31.We utilized published cell atlases for the placenta32,33, 130 
kidney34, and brain17 to define cell specific gene profiles in context of the whole body following the 131 
approach outlined above (fig. S7 and S9). 132 
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In pregnancy, extravillous trophoblast invasion is a stage in uteroplacental arterial 133 
remodeling27,33. Arterial remodeling occurs to ensure adequate maternal blood flow to the growing 134 
fetus27,33 and is sometimes reduced in preeclampsia27. Previously, the extravillous trophoblast was 135 
reported by Tsang et al to be noninvasively resolvable and elevated in early onset preeclampsia 136 
(gestational age < 34 weeks) compared to healthy pregnancy28. The syncytiotrophoblast, involved in 137 
nutrient exchange33, showed no difference28. We measured the respective signature scores in two 138 
previously published preeclampsia cohorts35. In contrast to Tsang et al, we observed no significant 139 
difference in either trophoblast signature score in cfRNA samples collected at diagnosis for mothers with 140 
early-onset preeclampsia (Fig. 3A) (p = 0.703, 0.794 respectively, two-sided Mann Whitney U) and for 141 
mothers with either early- or late-onset preeclampsia (p = 0.24, 0.54 respectively, Kruskal Wallace, fig. 142 
S10A) as compared to samples from mothers with no complications at a matched gestational age. Though 143 
we generally recapitulate the observed signature score directionality for both cell types28, examination of 144 
the cell type gene profiles used by Tsang et al. in two independent placental atlases32,33 revealed genes 145 
that were not cell type specific (fig. S10B,C). The presence of non-cell type specific genes in a cell type 146 
gene profile likely impaired Tsang et al’s signature score interpretation. The role of extravillous 147 
trophoblast invasion and the ubiquity of its cellular pathophysiology in preeclampsia thus remains an 148 
open question.   149 

As a second example, the proximal tubule is a highly metabolic, predominant kidney cell type 150 
and is a major source for injury and disease progression in CKD29,30. Tubular atrophy is a hallmark of 151 
CKD nearly independent of CKD etiology36. Atubular formation results from proximal tubule damage 152 
and death in renal pathologies29,30. We discovered a striking decrease in proximal tubule intensity of CKD 153 
(n = 9) patients (ages 67-91, CKD stage 3-5 or peritoneal dialysis) compared to healthy controls (n = 7) (p 154 
= 7.45 * 10-4, one-sided Mann Whitney U) (Fig. 3B, Methods). Random sampling of a gene set of 155 
equivalent length as the proximal tubule gene profile in 10,000 trials yielded no discriminatory power 156 
between CKD and healthy 96.6% of the time (Benjamini-Hoschberg correction, FDR = 0.05, fig. S11) 157 
and an adjusted proximal tubule signature score of 0.038, validating the specificity of our proximal tubule 158 
gene profile. These findings demonstrate the ability to noninvasively resolve proximal tubule 159 
deterioration observed in CKD histology37 and is consistent with findings from routine invasive biopsy.  160 

As a third example, AD pathogenesis results in neuronal death and synaptic loss31. We derived 161 
brain cell type gene profiles for cell types in the AD brain in the same way as the NCI cell type profiles 162 
(Methods). We then intersected a given cell type gene profile in AD with the equivalent NCI profile for 163 
comparative analysis. Microglia, though often implicated in AD pathogenesis were excluded given their 164 
high overlapping transcriptional profile with non-central nervous system macrophages38. Inhibitory 165 
neurons were also excluded given the low number of cell type specific genes intersecting between AD 166 
and NCI phenotypes. Intersection of reportedly differentially downregulated AD genes (DEG) in plasma4 167 
with the derived cell type specific gene profiles, identified several genes as cell type specific (Fig. 3C). 168 
Astrocyte specific genes included filament protein (GFAP39) and ion channels (GRIN2C 17).  Excitatory 169 
neuron specific genes solute carrier proteins (SLC17A717 & SLC8A240 ), cadherin proteins (CDH841 & 170 
CDH2242), and a glutamate receptor stimulated a major excitatory neuron neurotransmitter (GRM131,43). 171 
Neuronal death in AD phenotypes31, is likely the biochemical basis for the observed downregulation of 172 
these cell type specific markers. Oligodendrocyte-specific genes encode proteins for myelin sheath 173 
stabilization (MOBP31) and a synaptic/axonal membrane protein (CNTN231). Oligodendrocyte precursor 174 
cell-specific genes included transcription factors (OLIG244 & MYT145), neural growth and differentiation 175 
factor (CSPG546), and a protein putatively involved in brain extracellular matrix formation (BCAN47). A 176 
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permutation test using the Gini coefficients computed on the average single cell expression of the brain 177 
specific and cell type specific DEGs corroborated that the DEGs assigned as cell type specific were more 178 
specific to a given brain cell type than a brain specific DEG (p < 1e-4 , 10000 trials, fig. S12) (Methods). 179 
Taken together, these findings underscore the consistent detection cell-type specific changes in pathology 180 
using noninvasive transcriptomic measurement of blood plasma and the resolution at which we can assert 181 
the origins of cfRNA. 182 
 183 
Discussion 184 

We have shown that the cfRNA transcriptome can be reframed from a sum of tissue 185 
transcriptomes to a sum of cell type transcriptomes. Using nu-SVR, we determined the fractional 186 
contributions of cell type specific RNA relative to other cell types considered in the cell type column 187 
space of the basis matrix48. Ideally reference gene profiles for all possible cell types in the human body 188 
would be simultaneously considered in nu-SVR deconvolution. However, a complete reference dataset of 189 
all cell types in the human body does not yet exist. Despite an incomplete cell atlas, we demonstrate the 190 
ability to decompose the cf-transcriptome into distinct cell type contributions by further leveraging 191 
individual cell atlases and bulk transcriptomic data from GTEx and HPA to define specificity in context 192 
of the whole body. 193 

The decomposition of the cf-transcriptome reveals platelets, lymphocytes, and monocytes as the 194 
predominant cell type specific RNA contributors. This is consistent with what is known about the cf-195 
transcriptome, and may also reflect a bias in nu-SVR deconvolution, which uses highly expressed genes 196 
as support vectors, and consequently assigns a reduced fractional contribution to cell types expressing 197 
genes at lower levels or that are smaller in size, such as neutrophils. Furthermore, our finding that 198 
platelets are a majority cell type, rather than megakaryocytes1, likely reflects annotation differences in 199 
reference data. Megakaryocytes are absent from the TSP v0.9 annotations; however, they are responsible 200 
for platelet production8. Comparison of nu-SVR to quadratic programming3 and non-negative linear least 201 
squares49 yielded similar deconvolution RMSE and slightly increased Pearson correlation. However, the 202 
determined fractions with these methods excluded contributions from cell types with markers detected 203 
using PanglaoDB, and so we chose nu-SVR for the comprehensive deconvolution in this work. Taken 204 
together, these findings are consistent with prior work considering specific cell types1 and the 205 
hematopoietic tissues1,3. Shared features among the cell types contributing to the to the cf-transcriptome 206 
are large volume and/or increased turnover24, suggesting cell death as the possible predominant entry 207 
mechanism of cfRNA to the bloodstream. 208 

To identify contributions from cell types absent from the basis matrix, we derived individual cell 209 
type gene profiles from individual tissue scRNA-seq atlases. By considering cell types unique to a given 210 
tissue, we could leverage bulk RNA transcriptomic datasets from GTEx and HPA to ensure specificity in 211 
context of the whole body. This directed approach could enable the application of many single tissue cell 212 
atlases, whose meaningful integration into approaches like nu-SVR is otherwise limited by batch effects50. 213 
Defining cell type specific genes from single tissue atlases in the context of the whole body surmounts the 214 
problem of missing cell types from TSP and more generally enables a means to address missing cell types 215 
from the basis matrix column space required for deconvolution approaches like nu-SVR14,15.  216 

Previous work has demonstrated cell types-of-origin identification from cell free nucelosomes;16 217 
in particular of enriched cardiomyocyte signal in patients with acute myocardial infarction, and liver cell 218 
type specific signatures in patients with various hepatic disorders.  However, reference ChIP-seq data 219 
from pure cell types is limited, thereby reducing the scope of resolvable cell types with this approach51 220 
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and limiting interpretation of some aspects of the data to tissue resolution, and sensitivity appears to be 221 
limited. For example, in healthy (non-pathological) cases it was only possible to deconvolve blood cell 222 
types, and other than a generalized signal from liver it was not possible to detect cell types from solid 223 
tissues. Another interesting distinction which will potentially affect the overall applicability is that  224 
cfDNA measurement requires cell death, whereas cfRNA additionally incorporates information from 225 
living cells which secrete RNA by various mechanisms1. 226 

The results here reinforce the importance of reliable reference data annotation at both bulk tissue 227 
and single cell level; differences in either impact the ability to meaningfully integrate in cfRNA analysis. 228 
Cell type annotation differences across distinct cell atlases for the same tissue may impact the assignment 229 
of a gene as cell-type specific when considering a single dataset. Specifically, we observed that several 230 
genes reported as specific to a single trophoblast cell type28 were not validated in two independent 231 
placental cell atlases32,33. Annotation discrepancies between atlases impacts the assignment of genes as 232 
cell type specific in context of the whole body, and consequently impact the interpretation of a cell type 233 
signature score in cfRNA.  234 

This method for detecting cellular pathophysiology in the cf-transcriptome is most robust for 235 
diseases with cell type changes independent of disease etiology. CKD cfRNA samples reveal striking 236 
differences in proximal tubule signature score compared to healthy controls, in contrast with the minimal 237 
effect size of extravillous trophoblast signature score in preeclampsia. Multiple differentially 238 
downregulated genes in AD phenotypes are cell type specific, again reinforcing the ability to 239 
noninvasively resolve pathologically implicated cell types. Cellular pathology in CKD and AD are 240 
proximal tubule atrophy and neuronal death respectively, which occur irrespective of disease etiology, 241 
whereas preeclampsia etiology may be multifactorial and the extent of underlying cellular pathogenesis 242 
remains to be explored52. 243 

CKD impacts 9.1% of the global population53 and invasive biopsy (often multiple) is the clinical 244 
gold-standard for diagnosis. The sensitivity and specificity of some glomerular filtration estimates for 245 
various patient populations and kidney function may result in clinical confusion 54. Standard lab tests for 246 
serum creatinine and urine albumin levels merely indicate renal dysfunction and provide limited clinically 247 
actionable insight into the source(s) of renal pathophysiology. Tubular atrophy has been repeatedly shown 248 
to be superior to glomerular pathology as a predictor of CKD progression 37. The ability to noninvasively 249 
measure proximal tubule pathophysiology and the general detection of multiple renal cell types could 250 
enable noninvasive classification of various renal disorders in future work and augment patient treatment 251 
plans. Given the small sample size used here (n = 9, CKD; n = 7, control), we emphasize that our 252 
findings, although striking, must still be validated in a larger follow-up study. 253 

This work shows that one can apply cell atlases to measure disparate cell types that are disease-254 
implicated in the blood, relevant to a myriad of questions impacting human health. Unlike model 255 
organisms which lack full translatability to human health, cf-transcriptomic measurement provides direct, 256 
immediate insights into patient health. Readily measurable cell types in cfRNA, including those specific 257 
to the brain, lung, intestine, liver, and kidney, have vast prognostic and clinical importance given the 258 
multitude of diseases in these tissues. Single cell RNA-seq reveals numerous cell type specific changes in 259 
pathologies within these tissues for investigation with cfRNA ranging from cancer to Crohn’s disease, 260 
drug or vaccine response, and aging. Consistent detection of cell types responsible for drug metabolism 261 
(e.g. liver and renal cell types) as well as cell types that are drug targets, such as neurons or 262 
oligodendrocytes for Alzheimer’s-protective drugs, could provide powerful clinical trial end-point data in 263 
evaluating drug toxicity. Chemotherapy regimens are known to have severe systemic side-effects. We 264 
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anticipate that the ability to noninvasively resolve cell type signatures in plasma cfRNA will both enhance 265 
existing clinical knowledge in addition to enabling increased resolution in monitoring disease progression 266 
and drug response. 267 
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Materials & Methods 289 
 290 
Data Processing 291 
Data acquisition 292 
Cell free RNA: For samples from Ibarra et al, raw sequencing data was obtained from the SRA 293 
(PRJNA517339). For samples from Munchel et al, processed counts tables were directly downloaded. 294 
 295 
For all individual tissue single cell atlases, Seurat objects or AnnData objects were downloaded or 296 
directly received from authors. Data from Mathys et al. were downloaded with appropriate approvals 297 
from Synapse.  298 
 299 
HPA v19 transcriptomic data, GTEx v8 raw counts, and Tabula Sapiens v0.9 were downloaded directly. 300 
 301 
Bioinformatic processing 302 
For each sample for which raw sequencing data were downloaded, we trimmed reads using trimmomatic 303 
(v 0.36) and then mapped them to the human reference genome (hg38) with STAR (v 2.7.3a). Duplicate 304 
reads were then marked and removed by GATK’s (v 4.1.1) MarkDuplicates tool. Finally, mapped reads 305 
were quantified using htseq-count (v 0.11.1), and read statistics were estimated using FastQC (v 0.11.8).  306 
 307 
The bioinformatic pipeline was managed using snakemake (v 5.8.1). Read and tool performance statistics 308 
were aggregated using MultiQC (v 1.7).  309 
 310 
 311 
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Sample quality filtering 312 
For every sample for which raw sequencing data was available, we estimated three quality parameters as 313 
previously described 55,56. To estimate RNA degradation, we calculated a 3’ bias ratio. Specifically, we 314 
first counted the number of reads per exon and then annotated each exon with its corresponding gene ID 315 
and exon number using htseq-count. Using these annotations, we measured the frequency of genes for 316 
which all reads mapped exclusively to the 3’ most exon as compared to the total number of genes 317 
detected. We approximate RNA degradation for a given sample as the fraction of genes where all reads 318 
mapped to the 3’ most exon.  319 
To estimate ribosomal read fraction, we compared the number of reads that mapped to the ribosome 320 
(Region GL00220.1:105424-118780, hg38) relative to the total number of reads (Samtools view). To 321 
estimate DNA contamination, we used an intron to exon ratio and quantified the number of reads that 322 
mapped to intronic as compared to exonic regions of the genome.  323 
We then identified outlier samples using the 95th percentile bound within a given cfRNA dataset. We 324 
considered any given sample a low quality sample if its value for any metric was greater than or equal to 325 
the 95th percentile bound. 326 
 327 
Data Normalization 328 
All gene counts were adjusted to counts per million reads and per milliliter of plasma used. For a given 329 
sample (𝑖 denotes gene index and 𝑗 denotes sample index): 330 
 331 

𝜂$% = 	
()*)+,

(.$/0102	3$4),)∗(7.	891:71,)
    where 𝐿𝑖𝑏𝑟𝑎𝑟𝑦	𝑆𝑖𝑧𝑒% = ∑ 𝐺$%$ 	          (1) 332 

 333 
For subjects who had samples with multiple technical replicates, these plasma volume CPM counts were 334 
averaged prior to nu-SVR deconvolution. 335 
 336 
For all analyses except nu-SVR (e.g. all work except Fig. 1b), we next applied trimmed mean of M values 337 
(TMM) normalization as previously described57: 338 
 339 

E+,
FGG,

              (2) 340 

 341 
CPM TMM normalized gene counts across technical replicates for a given biological replicate were 342 
averaged for the count tables used in the analyses performed in Figures 2 & 3. 343 
 344 
Sequencing batches and plasma volumes were obtained from the authors in Toden et al for per-sample 345 
normalization. For samples from Ibarra et al., plasma volume was assumed to be constant at 1 mL as we 346 
were unable to attain this information from the authors. Sequencing batches were inferred based on the 347 
figure and confirmed with authors that sequencing strategy was figure-dependent (personal 348 
communication).  349 
All samples from Munchel et al were used to compute TMM scaling factors and 4.5 mL plasma was used 350 
to normalize all samples within a given dataset (both PEARL-PEC and iPEC) 351 
 352 
For the work in Figure 3B, longitudinal samples for a given CKD patient were averaged, given that the 353 
timescale over which renal cell type changes would occur were longer than the patient samples (~30 354 
days). These samples were collected alongside two healthy patient biological replicates passing sample 355 
QC in this sequencing batch. We additionally used the five plasma biological replicates from above. This 356 
ultimately yielded n = 7 healthy biological replicates and n = 9 CKD patients. 357 
 358 
 359 
 360 
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Zero-Centered Batch Normalization 361 
To account for center-specific effects that could impact meaningful comparison of data across centers in 362 
Figure 3B, we subtracted the mean normalized value across all samples measurements for given gene 363 
within a given batch from the measured normalized value for a given sample58: 364 
 365 

𝐺HIJJJJ = 	𝐺$% − 	𝜇$M	 (3) 366 
 367 

Where the gene index is 𝑖, the sample is j, and k is the batch. The mean expression of the ith gene in the kth 368 
batch is denoted by 𝜇$M. 369 
 370 
We defined a ‘batch’ of samples to reflect the experimental workflow for each of the corresponding 371 
analyses: 372 

• For samples from Ibarra et al, given that only two control biological replicates were 373 
sequenced with the CKD samples and the other healthy controls came from another batch, we 374 
did not directly compare CKD vs. healthy samples. A difference in the raw median value  of 375 
the proximal tubule signature score between the two sick and the nine healthy samples 376 
sequenced in the same batch was observed prior to grouping healthy plasma data from a 377 
different batch, consistent with the observed difference post-zero centered normalization. All 378 
CKD and healthy samples were treated as a single batch from which normalization was 379 
performed.  380 

• For the datasets from Munchel et al., zero-centered batch normalization was not performed 381 
given that the data were compared within the same sequencing studies (e.g. iPEC and 382 
PEARL-PEC)  383 

 384 
Cell Type Marker Identification using PanglaoDB 385 
The PanglaoDB cell type marker database was downloaded on March 27, 2020. Markers were filtered for 386 
human (“Hs”) only. Specificity (how often marker was not expressed in a given cell type) and sensitivity 387 
(how frequently marker is expressed in cells of this type) thresholds determined the total gene space for 388 
intersection across the cfRNA samples. Gene synonyms from Panglao were determined using MyGene 389 
version 3.1.0 to ensure full gene space. 390 
 391 
The intersection of this space with each cfRNA sample were then determined, where the error bars reflect 392 
the differences in number of markers detected across the samples for a given cell type across samples. A 393 
given cell type marker was counted in a given healthy cfRNA sample its gene expression was greater than 394 
zero in log + 1 transformed CPM-TMM gene count space.  395 
 396 
Cell types with markers filtered by sensitivity = 0.9 and specificity = 0.2 and samples with ≥ 5 cell type 397 
markers are shown in Fig 1B.  398 
The samples used for nu-SVR deconvolution were the five healthy donor plasma samples as in Figure 1D 399 
of Ibarra et al.  400 
 401 
Basis Matrix Formation 402 
Only cells from droplet sequencing (“10X”) were used in analysis. Disassociation genes as reported10 and 403 
cell types too granular (i.e. fast muscle cell, smooth muscle cell, LYVE1 aortic macrophage, 404 
differentiated basal cell of epithelium of trachea, etc) or too broad (i.e. granulocyte, lymphocyte, 405 
monocyte subtypes, innate lymphoid cells, etc) in annotation were excluded from subsequent analysis.  406 
 407 
Of the remaining cell types, either 30 observations were randomly sampled or the maximum number of 408 
available observations if less than 30 were subsampled, whichever was greater. 409 
 410 
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Cells were assigned broader labels to enable linear independence of the matrix column space, as several 411 
cell types that are very transcriptionally similar with few distinct gene would be challenging to resolve 412 
noninvasively and hence would impact nu-SVR deconvolution. In any sort of regression, multicollinearity 413 
between features will impact the learned coefficients. 414 
 415 
Scanpy (version 1.6.0) was used to analyze all single cell data. Hierarchical clustering was performed on 416 
PCA-transformed (scanpy pca) CPM cell counts (scanpy normalize_total, target_sum = 1e6) log 417 
transformed (scanpy log1p) counts using the scanpy dendrogram function. Cell types that were close in 418 
clustering were grouped together, including: 419 

• ‘pancreatic A/B/PP cell' comprised 'pancreatic A cell', 'pancreatic PP cell', 'type B pancreatic cell' 420 
• Lung pneumocyte comprised 'type I pneumocyte' and 'type II pneumocyte' 421 
• "intestinal crypt stem cell + transient amplifying cell" comprised 'intestinal crypt stem cell', 422 

'intestinal transient amplifying cell', 'paneth cell' 423 
• "vascular smooth muscle cell" comprised 'aortic smooth muscle cell' and 'vascular associated 424 

smooth muscle cell' 425 
All cell types annotated as some type of ‘B cell’, ‘T cell’, ‘NK cell’, ‘dendritic cell’, ‘thymocyte’, etc 426 
were labelled respectively with the broader category. 427 
 428 
All groupings are available on Github in the script entitled ‘coarsegraincells_forBMGeneration.py’. 429 
 430 
This subsampled counts matrix was then passed to the ‘Create Signature Matrix’ analysis module on 431 
available at cibersortx.stanford.edu, with the following parameters: 432 

• Disable quantile normalization = False 433 
• Min. expression = 0.25 434 
• Replicates = 5 435 
• Sampling = 0.5 436 
• Kappa = 999 437 
• q-value = 0.01 438 
• No. barcode genes = 2450 - 5000 439 
• Filter non-hematopoietic genes = False 440 

The resulting basis matrix was then saved as a .txt file and used in nu-SVR deconvolution 441 
 442 
Nu-SVR deconvolution 443 
We formulated the cell free transcriptome as a linear summation of the cell types from which it 444 
originates3,59. With this formulation, we adapted existing deconvolution methods developed with the 445 
objective of decomposing a bulk tissue sample into its single cell constituents14,15, where the 446 
deconvolution problem is formulated as: 447 

 448 
𝐴𝜃 = 𝑏 (4) 449 

 450 
Here, 𝐴 is the representative basis matrix (g x c) of g genes for c cell types, which represent the gene 451 
expression profiles of the c cell types. 𝜽 is a vector (c x 1) of the contributions of each of the cell types 452 
and b is the measured expression of the genes observed in from blood plasma (g x 1). The goal here is to 453 
learn 𝜽 such that the matrix product 𝐴𝜃 predicts the measured signal b. The derivation of the basis matrix 454 
𝐴 is described in the section ‘Basis Matrix Formation’. 455 
 456 
We performed nu-SVR using a linear kernel to learn 𝜽 from a subset of genes from the signature matrix 457 
to best recapitulate the observed signal b, where nu denotes the lower bound on the fraction of support 458 
vectors and the upper bound on the fraction of errors at the margin60. Here, the support vectors are the 459 
genes used from the basis matrix from which to learn 𝜽; 𝜽 reflects the weights of the cell types in the 460 
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basis matrix column space. For each sample, we learned coefficients for six values of nu, 𝜈 ∈461 
{0.1, 0.15, 0.25, 0.5, 0.75, 0.9} and estimated the resulting deconvolution error using the root mean square 462 
error (RMSE). We determined the product of the basis matrix with the learned coefficients (𝐴𝜃), which 463 
reflected some predicted expression value for each of the genes in a given cfRNA mixture. The RMSE 464 
was then computed using the predicted expression values and the measured values across all the non-zero 465 
CPM genes in a cfRNA mixture. 466 
 467 
Only CPM counts > 0 were considered in the mixture. The values in the basis matrix were also in CPM 468 
space. Prior to deconvolution, the mixture and basis matrix were scaled to zero mean and unit variance for 469 
improved runtime performance. We emphasize that we did not log-transform counts in 𝑏 or in 𝐴, as this 470 
would destroy the requisite linearity assumption in equation 4. Specifically, the concavity of the log 471 
function would result in the consistent underestimation of 𝜽 during deconvolution61. 472 
 473 
Using the 𝜽 resulting from the value of 𝜈 whose coefficients yielded the smallest RMSE was transformed 474 
to. Specifically, the relative fractional contributions of cell type specific RNA from 𝜽, we repeat what was 475 
previously described 14,15: 476 

∀𝜃% < 0 ∈ {𝜃_, … , 𝜃a} 	→ 0  (5) 477 
All non-zero coefficients were then normalized by their sum to result in the relative fractions to determine 478 
the relative fractional contributions of cell type specific RNA. 479 
 480 
We used the function nuSVR from scikitlearn version 0.23.2. 481 
The samples used for nu-SVR deconvolution were the five healthy donor plasma samples as in Figure 1D 482 
of Ibarra et al.  483 
 484 
Evaluating Basis Matrix on GTEx samples  485 
Bulk RNA-seq samples from GTEx v8 were deconvolved with the derived basis matrix from tissues that 486 
were present (kidney cortex, whole blood, small intestine – terminal ileum, lung, and spleen) or absent 487 
(kidney medulla and liver) from the basis matrix derived using Tabula Sapients version 0.9. For each 488 
tissue type, the maximum number available samples or ten samples, whichever was smaller, was 489 
deconvolved. Please see Supplementary Note 1 for additional discussion. 490 
 491 
Identifying tissue specific genes in cfRNA absent from basis matrix 492 
To identify cell type specific genes in cfRNA that were distinct to a given tissue, we considered the set 493 
difference of the non-zero genes measured in a given cfRNA sample with the row space of the basis 494 
matrix and intersected this with HPA tissue specific genes: 495 

(𝐺% − 𝑅) ∩ 𝐻𝑃𝐴                (6) 496 
Where 𝐺% is the gene set in the jth deconvolved sample, where a given gene in the set’s expression was ≥ 497 
5 TMM-CPM. 𝑅 is the set of genes in the row space of the basis matrix used for nu-SVR deconvolution. 498 
𝐻𝑃𝐴 denotes the total set of tissue specific genes from HPA. 499 
 500 
The HPA tissue specific gene set (𝐻𝑃𝐴) were genes across all tissues with Tissue Specificity assignments 501 
‘Group Enriched’, ‘Tissue Enhanced’, ‘Tissue Enriched’ and NX expression ≥ 10. 502 
 503 
This approach yielded tissues with several distinct genes present in cfRNA which could then be 504 
subsequently interrogated using single cell data. 505 
 506 
Derivation of cell type specific gene profiles in context of the whole body using single cell data 507 
For this analysis, only cell types unique to a given tissue (i.e. hepatocytes unique to the liver, or excitatory 508 
neurons unique to the brain) were considered so that bulk transcriptomic data could be used to ensure 509 
specificity in context of the whole body. A gene was asserted to be cell type specific if it was (i) 510 
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differentially expressed within a given tissue cell type atlas (ii) had a Gini coefficient ≥ 0.6, indicating 511 
comprehensive tissue specificity in context of the whole body.  512 
 513 
(1) Single cell differential expression 514 
For data received as a Seurat object, conversion to AnnData was performed by saving as an intermediate 515 
loom objects (Seurat version 3.1.5) and converting to AnnData (loompy version 3.0.6). Scanpy (version 516 
1.6.0) was used for all other single cell analysis. Reads per cell were normalized for library size (scanpy 517 
normalize_total, target_sum = 1e4), then logged (scanpy log1p). Differential expression was performed 518 
using the Wilcoxon rank sum test in Scanpy’s filter_rank_genes_groups with the following arguments: 519 
min_fold_change = 1.5, min_in_group_fraction = 0.2, max_out_group_fraction = 0.5, corr_method = 520 
“benjamini-hochberg”. For differentially expressed genes (DEG) with Benjamini Hochberg adjusted p-521 
values < 0.01, the ratio of the highest out_group percent expressed to in_group percent expressed  < 0.5 to 522 
ensure high specific expression in the cell type of interest within a given cell type atlas. 523 
 524 
(2) Quantifying comprehensive whole body tissue specificity using the Gini coefficient 525 
The distribution of all the Gini coefficients and Tau values across all genes belonging to cell type gene 526 
profiles for cell types native to a given tissue were compared using the HPA gene expression Tissue 527 
Specificity and Tissue Distribution assignments12 (fig S8). The Gini coefficient better reflected the 528 
underlying distribution of gene expression tissue-specificity than Tau (fig. S8) and was hence used for 529 
subsequent analysis. As the Gini coefficient approaches unity, this indicates extreme gene expression 530 
inequality, or equivalently high specificity. A single threshold (Gini coefficient ≥ 0.6) was applied across 531 
all atlases to facilitate a generalizable framework from which to define tissue specific cell type gene 532 
profiles in context of the whole body in a principled fashion for signature scoring in cfRNA. 533 
 534 
For the following definitions, 𝑛 denotes the total number of tissues and 𝑥$ is the expression of a given 535 
gene in the ith tissue. 536 
 537 
The Gini coefficient was computed as defined in 20: 538 

Gini = *j_
*
− k∑ (*j_l$)m+n

+	op
*∑ m+n

+op
 ; 𝑥$ is ordered from least to greatest. (7) 539 

 540 
Tau, as defined in 20: 541 

𝜏 =	 ∑ _l	m̅n
+op
*l_

 where 𝑥̅ = 	 m+
stu	(m+)	∀	$	∈{_	…	*}	

  (8) 542 
 543 
HPA NX Counts from the HPA object entitled ‘rna_tissue_consensus.tsv’ accessed on July 1, 2019 were 544 
used for computing Gini coefficients and Tau. 545 
 546 
Note for brain cell type gene profiles: given that there are multiple sub brain-regions in the HPA data, the 547 
determined Gini coefficients are lower (e.g. not as close to unity compared to other cell type gene 548 
profiles) since there are multiple regions of the brain with high expression, which would result in reduced 549 
count inequality. 550 
 551 
Gene Expression in GTEx 552 
We used the raw GTEx data v8 (accessed August 26 2019) and converted to log(CPM + 1) counts. The 553 
signature score was determined by summing the expression of the genes in a given bulk RNA sample for 554 
a given cell type gene profile. Since only gene profiles were derived for cell types that correspond to a 555 
given tissue, the mean signature score of a cell type profile across the non-native tissues was then 556 
computed and used to determine the log fold change  557 
 558 
 559 
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Estimating signature scores for each cell type 560 
The signature score is defined as the sum of genes asserted to be cell type specific, where 𝑖 denotes the 561 
index of the gene in a cell type signature gene profile in the 𝑗th patient sample. 562 
 563 

𝑆𝑖𝑔𝑛𝑎𝑡𝑢𝑟𝑒	𝑆𝑐𝑜𝑟𝑒% = 	∑ 𝐺$%$  (9) 564 
 565 

For signature scoring of syncytiotrophoblast and extravillous trophoblast gene profiles in PEARL-PEC 566 
and iPEC35. The genes in a respective profile used for signature scoring were derived as described in 567 
‘Derivation of cell type specific gene profiles in context of the whole body using single cell data’ 568 
independently using two different placental single cell datasets 32,33. Only the intersection of the cell type 569 
specific gene profiles was considered for signature scoring. 570 

 571 
Comparison of proximal tubule signature score to random for discriminatory between CKD 3+ and 572 
Healthy 573 
To assess the discriminatory power of a given cell type signature score with a statistically significant 574 
difference in Fig 3B, we randomly sampled an equivalent gene length as the proximal tubule gene profile 575 
in 10,000 trials and performed a one-sided Mann Whitney U with the alternative hypothesis that healthy 576 
would be greater than CKD 3+. For a given trial, the signature score of the random gene list was 577 
computed across all samples and tested. Benjamini-Hochberg correction at FDR = 0.05 was performed 578 
using ‘multitest’ function in statsmodels version 0.10.1 with the following arguments: alpha=0.05  579 
method='fdr_bh'.  580 
 581 
Cell Type specific differentially expressed neuronal and glial cell type specific genes in Alzheimer’s 582 
plasma 583 
To assess whether DEGs in AD/NCI plasma4 that intersected with a brain cell type gene profile were 584 
more specific to a given brain cell type than DEGs in AD/NCI plasma that was generally brain tissue 585 
specific, we performed a permutation test. Specifically, we compared the Gini coefficient for genes in 586 
these two groups, computed using the mean expression of a given gene across brain cell types from 587 
healthy brain single cell data17. 588 
 589 
The starting set of brain specific genes were defined using in the HPA brain transcriptional data annotated 590 
as either ‘Tissue enriched’, ‘Group enriched’, or ‘Tissue enhanced’ (accessed January 13, 2021). These 591 
requirements ensured the specificity of a given brain gene in context of the whole body. This formed the 592 
initial set of brain specific genes 𝐵.  593 
 594 
The union of all brain cell type specific genes is the set 𝐶. 595 
 596 
Genes in 𝐵 that that did not intersect with 𝐶 (e.g. any brain cell type gene profile (‘brain cell type 597 
specific’)) and intersected with DEG-up (𝑈) or DEG-down genes (𝐷)4 were then defined as ‘brain tissue 598 
specific’. 599 
 600 

𝑇 = (𝐵	 ∩ 𝑈) + (𝐵	 ∩ 𝐷) (10) 601 
 602 
All genes belonging to brain cell type gene profiles (‘brain cell type specific’) were a subset of the initial 603 
set of brain specific genes. 604 

𝐶 − 𝐵 = 0 (11) 605 
Genes defined as ‘brain cell type specific’ for signature scoring in Fig. 3C were intersected with 606 
differentially upregulated (DEG-up) and differentially downregulated genes (DEG-down) reported4. No 607 
DEG-up genes intersected with any of the brain signatures used in Fig 3C. Only DEG-down were 608 
considered in the subsequent analysis as ‘brain cell type specific’.  609 
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 610 
The Gini coefficients reflecting the gene expression inequality across brain cell types were computed for 611 
the gene sets labelled as ‘brain cell type specific’ and ‘brain tissue specific’. Brain reference data to 612 
compute Gini coefficients was the single cell brain atlas with diagnosis as ‘Normal’17. All Gini 613 
coefficients were computed using the mean log transformed CPTT (counts per ten thousand) gene 614 
expression per cell type. 615 
 616 
A permutation test was then performed on the union of the Gini coefficients for the genes labeled as 617 
‘brain cell type specific’ and ‘brain tissue specific’. The purpose of this test was to assess probability that 618 
the observed mean difference in Gini coefficient for these two groups yielded no difference in specificity 619 
(e.g. H0: 𝜇a)99	�2�)	($*$	��)��$a$)*� = 	𝜇/01$*	�$::�)	($*$	a�)��$)$*�). 620 
 621 
Gini coefficients were permuted and reassigned to the list of ‘brain tissue’ or ‘brain cell type’ genes, then 622 
the difference in mean of the two groups was computed. This procedure was repeated 10,000 times. The 623 
p-value was determined as follows: 624 
 625 

𝑝	 = 	
#	�0$19:	�$��	�)07��)�	(�����	����l��+����)�	���������

_�,���j_
 (12) 626 

Where 𝜇�/:)0�)� ≔ (𝜇a)99	�2�)	($*$	��)��$a$)*� −	𝜇/01$*	�$::�)	($*$	a�)��$)$*�). 627 
 628 
The additional 1 in the denominator reflects the original test between the true difference in means (e.g. the 629 
true comparison yielding 𝜇�/:)0�)� ) 630 
 631 
Supplementary Note 1: Deconvolution of bulk GTEx tissues using the Tabula Sapiens-derived basis 632 
matrix 633 
To assess the ability of the basis matrix to deconvolve tissues whose cell types were wholly present in the 634 
cell type column space, we deconvolved a subset of bulk RNA-seq GTEx samples. The determined 635 
fractions of cell type specific RNA generally recapitulated the predominant cell types within a given 636 
tissue (fig. S4). Kidney cortex majority fractions were from kidney epithelia and vascular endothelia (fig. 637 
4A,B); small intestine, smooth muscle cells and intestinal enterocytes (fig. S4E); whole blood, 638 
erythrocytes (fig. S4G). Cells with larger volume yielded larger deconvolved fractions for all tissues (fig. 639 
S3). Variance in the relative cell type fractional contributions across the deconvolved bulk samples within 640 
a given tissue reflects the underlying cell type heterogeneity. GTEx kidney medulla samples recorded to 641 
be contaminated with renal cortex reflect the presence of the kidney epithelia, the majority cell type in the 642 
renal cortex (fig. S4A). Tissues absent from the cell type column space, such as liver, yielded cell types 643 
that are transcriptionally similar (kidney epithelia) (fig. S4C) and a higher deconvolution error (fig. S3) as 644 
expected. 645 
 646 
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 846 
 847 
Fig S1 Identification of samples with outlier values for at least one quality control metric including a 848 
measure of RNA degradation, ribosomal fraction, and DNA contamination from Ibarra er al. Samples 849 
with outlier values are highlighted in red. (See Methods section ‘Data Processing’ for details)  850 
 851 

 852 
Fig. S2.  Schematic overview of nu-SVR deconvolution in trivial 3-dimensional cell type dimensional 853 
space denoting the learning of a hyperplane in cell type dimensional space and subsequent normalization 854 
to infer relative fractions of cell type specific RNA. 855 
 856 
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 857 
Fig. S3. Basis matrix performance on GTEx bulk RNA samples using nu-SVR. GTEx tissue samples 858 
possessing cell types wholly present (Kidney – Cortex, Spleen, Small Intestine – Terminal Illeum, Lung, 859 
Whole Blood) and absent from the basis matrix column space (Kidney – Medulla, Liver) were selected. 860 

(a) Pearson correlation between predicted expression and actual expression in cfRNA 861 
(b) Root Mean Square Error between predicted expression and actual expression in cfRNA. Units are 862 

zero-mean unit variance scaled CPM counts; tissues present in TSP have reduced RMSE 863 
compared to those that are absent (e.g. Kidney – Medulla and Liver)  864 
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 866 
Fig S4. Deconvolved fractions of cell type specific RNA from various GTEx tissues using nu-SVR to 867 
assess deconvolution performance of the Tabula Sapiens-derived basis matrix. The two tissues whose 868 
cell types were absent from the basis matrix column space were Kidney – Medulla and Liver. Kidney 869 
medulla samples reported to be contaminated with cortex are reflected by deconvolved kidney epithelia 870 
fractions. Liver, which is absent from the TSP version used in this work, has majority fractions of kidney 871 
epithelia, which possesses several transcriptionally similar cell types to the liver.  872 
Majority cell types for a given tissue, such as lung pneumonocytes and vascular endothelia in the lung or 873 
kidney epithelia for the kidney cortex underscore the ability for the signature matrix to capture 874 
representative fractions of cell type specific RNA and reflect underlying cell heterogeneity in bulk RNA-875 
seq data. Additional comments are in Supplementary Note 1. 876 

(a) Kidney – Medulla 877 
(b) Kidney – Cortex 878 
(c) Liver 879 
(d) Spleen 880 
(e) Small Intestine – Terminal Ileum 881 
(f) Lung 882 
(g) Whole Blood 883 
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Fig. S5. Deconvolving the plasma cell free transcriptome using nu-SVR  885 
(a) Distribution of learned relative fractional contributions with mean cell type proportions were > 886 

1%  887 
(b) Distribution of learned coefficients of small contributions using nu-SVR across samples (≤ 1%). 888 

‘Small contributors’ slice in main text Fig 1D reflects cell types with cumulative fractions < 0.1% 889 
(mesenchymal stem cell/mesenchymal cell and lung pneumocyte). 890 

(c) Pairwise Pearson correlations of nu-SVR learned coefficients between biological replicates  891 
 892 
 893 
 894 

 895 
Fig S6. Cell type signature score derivation overview. See ‘Signature Scoring’ section of methods for 896 
filtering criteria and thresholds. 897 
 898 
 899 
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Fig. S9. Comprehensive placental and renal cell type gene profile specificity at single cell and whole body resolution
(a) Violin plot of derived syncytiotrophoblast and extravillous trophoblast from Vento-Tormo et al.
(b) Violin plot of derived syncytiotrophoblast and extravillous trophoblast from Suryawanshi et al.
(c) Violin plot of derived proximal tubule and podocyte markers
(d) Gini coefficient distribution for placental trophoblast cell types in (a) and (b)
(e) Gini coefficient distribution for renal cell types in (c)
(f) Distribution of placental trophoblast signature scores across all GTEx tissues, since the placenta is not in GTEx, 
 so the values plotted are just the aggregate expression of genes in a given signature.
(g) Log fold change of renal cell type intensity in GTEx Kidney Cortex/Medulla samples (sum of log-transformed 
 counts-per-ten thousand) relative to the mean non-kidney signature score intensity.
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PEARL-PEC Fig. S10. Trophoblast signature scoring in PEARL-PEC and expression distribution of two
 gene profiles asserted by Tsang et al. in two independent placental cell atlases
(a) Placental trophoblast signature scores on PEARL-PEC validation dataset from 
Munchel et al (n = 12 each for early/late-onset PE cohorts and gestationally-aged matched
healthy controls)
(b) Stacked violin plot of the genes comprising the extravillous trophoblast and
syncytiotrophoblast signatures in Tsang et al. reflecting the distribution across placental
cell types in Vento-Tormo et al
(c) Stacked violin plot of the genes comprising the extravillous trophoblast and
syncytiotrophoblast signatures in Tsang et al. reflecting the distribution across placental
cell types in Suryawanshi et al
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 908 
Fig. S11. Validation of the discriminatory power in the proximal tubule signature in CKD stage 3+ 909 
vs healthy samples 910 
Distribution of one-sided Mann Whitney U in 10,000 trials of comparing a random signature score of an 911 
equivalent number of genes as the proximal tubule signature with an alternative hypothesis that the 912 
signature in healthy is greater than CKD. Red vertical line denotes the p = 0.05 threshold. Multiple 913 
hypothesis testing correction using Benjamini Hochberg with FDR = 0.05 was performed and this yielded 914 
an adjusted p-value of 0.038 between the CKD 3+ and healthy groups using the actual proximal tubule 915 
signature score. In 96.6% of the trials, no significance was observed in the random signature 916 
discriminating between sick and healthy, indicating the specificity of our signature score in discriminating 917 
between CKD and healthy patients. 918 
 919 
 920 

 921 
Fig. S12. Comparison of brain specific DEG and cell type specific DEG. Distribution in gini 922 
coefficients for AD downregulated DEG in Toden et al. that are brain-specific and cell type specific 923 
respectively. Area under curve for each group sums to 1. 924 
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