Performance Lab:
Human Immune Monitoring Center
Holden T. Maecker, PhD, Director
1651 Page Mill Road, Palo Alto, CA  94304

Table 1.  Summary of analytical validation findings for single-cell TCRseq 

	Accuracy
	For TCR: equivalent to sequencing accuracy, (page 4).
For phenotyping genes:  qualitative accuracy based on expected canonical gene expression, (page 4, Figure 3) (n=48 wells)


	Precision: Inter-assay
	<5% CV for TCRalpha call rate in repeated P2-P3 runs (n=4 plates or 384 wells); <2% CV for TCRbeta call rate in repeated P2-P3 runs (n=4 plates or 384 wells); call rates of 50-90% between projects (page 6, Figure 4) (n=12 plates or 1152 wells)


	Precision:  Intra-assay
	1% CV for total phenotyping gene calls (page 7, Figure 5) (n=2 plates or 192 wells)

	Analytical sensitivity
	Approximately 70% call rate for TCR genes from single sorted cells (see Table 3 below) (n=8 plates or 768 wells)


	Analytical specificity including interfering substances
	94-100% for expected CDR3alpha and CDR3beta regions from two T cell clones (page 8,  Figure 6) (n=4 plates or 384 wells)

	Reportable range
	>2 reads for phenotyping genes; >20 reads with >80% concordance for TCR V region calls


	Reference interval (normal range)
	Not applicable for TCR calls; phenotyping genes vary by cell type

	Standardization, harmonization, reproducibility, and ruggedness
	Lack of contamination of empty wells, and positive signals with all phenotyping primers (page 9, Figure 7)

	Quality control and improvement procedures
	Spike-in controls used on each plate; automation adaptations (see Materials and Methods below)

	Any other performance data
	Effect of in vitro stimulation with PMA (page 10, Figure 8)





1. Materials and Methods.
Validation was carried out on single sorted human PBMC (stimulated 3 h with PMA+ionomycin) or clonal T cell lines, as noted.

Phenotyping genes were as shown in Table 2.  Primer pairs for these genes, as well as for TCR V-C and TCR V-Cwere as initially described in Han et al. (1, 2) and Su et al. (3), and also used in Glanville et al. (4).

The protocol from Han et al. (1) was optimized for implementation using Beckman-Coulter BioMek NXp and FXp liquid handling robotics for 96-well plates.  The optimized protocol uses smaller reaction volumes and separate amplification of TCR alpha and beta chains (to increase call rates). RNA or cDNA spike-in controls are used for each plate for QC. A summary of the new work flow is shown in Figure 1. With the new protocol, the % of CDR3 and CDR3 calls could be increased to about 70% each. A comparative summary of the old and new protocols is shown in Table 3.
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Table 3. TCR alpha and beta chain call rate (number of wells with assigned CDR3) in old HIMC vs new scTCR seq protocol. 
[image: Comparison of call rates for TCR alpha and beta chains in the original Han et al protocol versus the revised protocol. Two tables show TCR call rate percentages for CDR3, one for the old protocol and one for the new protocol, with improved call rate percentages shown for the new protocol.]
A comparison of the results from phenotyping genes between the two protocols is shown in Figure 2.

 (
Figure 
2
.
  
Comparison of 
phenotyping
 gene calls on single PBMC processed by the original (left half) and optimized (right half) 
scTCRseq
 protocols.
)[image: Heatmap comparing old and new protocols' phenotyping gene calls, with left half showing calls for the old protocol, and right half showing calls for the new protocol.]
While not shown in Figure 2, each plate is run with at least two wells dedicated to a low-concentration RNA spike-in (to control for the primers and amplification steps), and two empty wells (to control for cross-contamination).



2. Accuracy.
The accuracy of TCR gene sequencing is entirely a function of sequencing read quality.  We routinely use the Illumina MiSeq instrument, with v2 reagent kits for 2 x 250 bp reads.  This combination yields >75% of bases with higher than Q=30 quality score, where Q=-10log10(e), and e is the estimated probability of an incorrect base call.  This in turn corresponds to an accuracy of base calling of 99.9%.  Since our informatics pipeline requires multiple TCR reads with a dominant sequence at 80% or greater, this means that accuracy of the dominant sequence is effectively 100%.

Accuracy of phenotyping gene calls is difficult to quantitatively determine, since a given cell can only be used in one assay, and its expression profile can therefore not be compared to another predicate standard.  Instead, the percentage of genes called for a population of cells can be compared between two methods, or compared to an expected canonical profile.  We have done the latter, by sorting Th1, Th2, and Th17 subsets of PMA+ionomycin activated CD4+ T cells, based on reference markers for these subsets.  Single-cell TCRseq (Figure 3) shows that called expression of canonical genes (IFNG for Th1, IL4 and IL13 for Th2, and IL-17A and RORC for Th17) is largely confined to the expected phenotype.  This essentially replicates the accuracy experiments described in Figure 2 of Han et al (1).
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Note that there is a single example of IFNg+IL-4 expression
 by a sorted “Th1” cell, and three examples of Th2 cytokine (IL-4 and/or IL-13) expression by sorted “Th17” cells.  However, these latter three cells do not show IL-17A or RORC expression.  Similarly, there was a single example of 
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)[image: A heatmap showing relative accuracy of phenotyping gene expression in cells sorted based on reference markers for Th1, Th2, and Th17 subsets of CD4+ T cells.  Th1, Th2, and Th17 are on the x axis. IFNG, IL4, IL13, IL17A, and RORC are on the y axis.]
The “unexpected” expression of canonical genes (outside of the expected Th type) is most likely a reflection of biology rather than false positive reads.  We infer this because of the complete absence of contamination of empty wells in the “checkerboard” experiment described below (Figure 5); and because of the previously described plasticity of Th phenotypes, especially for Th17 cells (5), which is where the greatest infidelity (unexpected gene expression) is seen.

Conversely, there is also incomplete expression of canonical genes for some of the cells of a particular Th type.  This could also be due to biology, in that expression of these genes, particularly cytokines, is rapidly cyclical (6).  It could also be a technical consequence of poor input cell/RNA quality.  Finally, it could represent poor sensitivity of the assay; though for TCR genes, a sensitivity of >70% is typically seen (see Table 3 above).  For these reasons, the assay should not be used for unambiguous classification of individual cells, but rather for trends in phenotypes across as many cells as can feasibly be analyzed in a given sample.  Results from multiple samples can productively be compared using dimension-reduction algorithms such as PCA, which can display each cell in a two-dimensional space, based on its expression of many targeted genes.  Examination of PC loading can then define the specific genes that may separate different samples, e.g. responders and non-responders.
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)[image: Graph showing TCR call rate percentages varying between 50% and 90% across three different projects.  huTCR Call rate (%) is on the y axis.  CAD-CD8, Treg TCR, and CD4stim-Allergy projects are on the x axis.  Three dots/lines in the graph represent TCRa (blue), TCRb (red), and TCRab (gray).]
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3. Inter-Assay Precision. 


1

This cannot be assessed on the exact same cells in two experiments, unless starting from post-P1 amplification.  As such, the same P1 plates were re-run on two different days for P2 and P3 PCR reactions, and TCR call rates were compared.  This was done for four different P1 plates, each containing oligoclonal T cell populations.  The call rates varied from 71 to 84% for TCRalpha, and 69% to 84% for TCRbeta.  The mean %CV between replicate plates for TCRalpha call rate was 4.8%.  The mean %CV between replicate plates for TCRbeta call rate was 1.6%.

We have also assessed the reproducibility of TCR call rates between projects in the HIMC service center.  This is not a pure measure of inter-assay precision, because it can be influenced by sample quality differences between projects.  Nevertheless, Figure 4 shows that individual TCRalpha and TCRbeta call rates varied between 50% and 90% of wells across three different projects.




4. Intra-Assay Precision.
Since the same cell cannot be split into multiple wells for determination of intra-assay precision, we can only compare similar sets of cells (e.g., plates) run in parallel in the same experiment.  Even then, TCRs would be expected to differ between the two sets of cells; but the proportion of phenotyping gene calls should be similar.  Figure 5 shows an example of such a plate-to-plate comparison within an experiment.  The inter-plate CV for total phenotyping gene calls was 1%.  The average CV for individual phenotyping gene calls was 32% (range: 0 to 141%).  For genes expressed in >5% of wells, the average CV was 15% (range: 0 to 33%).  Genes expressed in <5% of wells, as expected, had a higher CV, due to counting statistics.  This still suggests good reproducibility, given the low number of cells per plate (96) compared to platforms like flow cytometry (10s of thousands).

[image: Heatmap showing expression of core phenotyping genes from a pair of replicate plates from the same sort run, processed in parallel for scTCRseq.] (
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5. Analytical Specificity.
Two clonal MAIT cell lines, obtained from David Lewinsohn (OHSU), were single-cell sorted into individual 96-well plates and subjected to the scTCRseq assay (Figure 6).  Assuming true clonality, lack of environmental contamination, and fidelity of sequencing and analysis, these should each generate a single reported TCR and TCR call, and more specifically, a single CDR3 and CDR3 sequence, per clone.  As seen in the figure, this was the case for CDR3 for both clones (100% identity of CDR3 sequences called).  For CDR3, there was 98.8% and 94.1% identity in sequences called for the two clones, respectively.  The non-identical CDR3 sequences could have been the result of sequencing errors, or they could reflect actual heterogeneity propagated within a subpopulation of cells in the clone.
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 (right) CDR3’s obtained from a total of 384 wells containing single cells of the two MAIT cell clones shown at left.
)[image: Donut graphs showing CDR3a and CDR3b sequences reported from two clonal cell lines. For CDR3a, 100% frequency is shown for both clones. For CDR3b, frequency for one clone is 98.82% and frequency for the other clone is 94.05%.]




6. Contamination between wells.
To test whether RNA might cross-contaminate adjacent wells in the automated protocol, we performed a “checkerboard” experiment (Figure 7), in which adjacent wells were spiked with activated PBMC RNA, or left empty, in a “checkerboard” pattern.  Using a cutoff of 5 reads per well, all positive wells for the 17 phenotyping genes were confined to the spiked wells.  Furthermore, all 17 genes showed positive signals in at least some wells, demonstrating that the primers were working, although some wells were not positive for every gene.
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“Checkerboard” testing of spiked vs. empty wells
.  
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 gene reads are shown for spiked wells (left half) vs. empty wells (right half).  All gene calls (>5 reads/well) are confined to the spiked wells, demonstrating a lack of cross-contamination between adjacent wells.
)[image: A heatmap showing results of the "Checkerboard" experiment in spiked vs. empty cells.  The right side represents empty wells and is all blue.  The left side represents spiked cells and contains much red color, in addition to some blue.]



7.  Effect of stimulation on phenotyping genes.
Our default protocol is to use brief PMA+ionomycin stimulation to induce cytokine gene transcription, and thereby to reveal the functional capacity of the T cells.  To test the effect of in vitro stimulation, we did an experiment in which PBMC were either rested 3 h or stimulated with PMA+ionomycin for 3 h, followed by single cell sorting of CD4+ T cells.  The results are shown in Figure 8.  As expected, transcription factor expression was not much changed by stimulation, and we saw largely exclusive expression of GATA3 and RORC, for example.  By contrast, the cytokines IFN, IL-13, IL-17, IL-2, IL-21, and TNF were exclusively expressed under stimulated conditions (with the exception of a single IL-2+ cell in the unstimulated condition).  TGF, however, showed nearly equal expression frequency, stimulated as unstimulated.  This could reflect translational control of this cytokine; it cannot be due to primer infidelity, because the TGF cDNA sequence must be detected in order for the cell to be called as positive.  But it implies that TGF expression in this assay may be less specific than expected from protein expression patterns.

[image: Heatmap showing gene expression in unstimulated versus stimulated CD4+ T cells. Details in Figure 9 caption.] (
Figure 9.
  Effect of 
PMA+ionomycin
 stimulation on 
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 gene expression.  Left panel, 
unstimulated
 single-sorted CD4+ T cells; right panel, stimulated single-sorted CD4+ T cells from the same donor draw.  Note the induction of cytokines, particularly IL-2 and TNF, upon stimulation.
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Appendix

Personnel involved in scTCRseq in the Human Immune Monitoring Center (HIMC, red) and Mark Davis lab (blue)

Xuhuai Ji, PhD, Genomics Manager.  Dr. Ji performed the initial adaptation of scTCRseq from Mark Davis’ lab and continues to oversee the scTCRseq projects for the HIMC service center, including quality control of all data reported to investigators.  He also oversees all sequencing work, including maintenance and troubleshooting of the MiSeq instrument in the HIMC.

Akshaya Krishnan, Genomics Specialist.  Ms. Krishnan is the lab automation expert, trained by Beckman Coulter on the NXp and FXp robotic liquid handlers.  She coordinates all post-sort wet lab work for scTCRseq.

1Kavita Mathi, MD, Research Scientist.  Dr. Mathi was originally trained in flow cytometry, in industry and at Stanford.  She performs single-cell sorts for the scTCRseq assay, and has also learned the automation and PCR procedures associated with it.

Abhilasha Cheruki, MS, Genomics Specialist.  Ms. Cheruki assists with performance of the automation workflow for scTCRseq, and coordinates data organization and analysis for scTCRseq projects within the Gates Center for Human Systems Immunology at Stanford.

Neha Gupta, BS, Genomics Specialist.  Ms. Gupta assists with performance of the automation workflow, library prep, and sequencing for scTCRseq projects in the Gates Center and HIMC service center.

1Weiqi Wang, PhD, Bioinformatics Specialist.  Dr. Wang maintains the informatics pipeline for analysis of scTCRseq assays, creating preliminary reports for sequencing runs for all projects.  He updates the sequence library with new target gene sequences as needed, and performs troubleshooting for any data issues in the scTCRseq assay.

Peter Acs, BS, Bioinformatics Specialist.  Mr. Acs also runs the scTCRseq informatics pipeline, serving as a backup for Dr. Wang.  In addition, he has created a web app for organization and quality assessment of scTCRseq data, currently used in the Gates Center and soon to be deployed for HIMC service center projects as well.

Jake Glanville, PhD, coded the original analysis pipeline for scTCRseq (1) and is available for consultation as needed.  He has also recently published the GLYPH algorithm for identifying specificity groups in the TCR repertoire, using data from scTCRseq (4).  He can potentially apply GLYPH to CIMAC data sets, if desired, since there is currently no experience with this algorithm in the Maecker lab.

Julie Wilhelmy, PhD, is a senior researcher in Mark Davis’ lab who has automated the scTCRseq assay for the Davis lab.  We hold regular meetings with her (about every 2 months) to discuss our parallel work in automating the assay, new developments and protocols, etc.  She is readily available for consultation as needed.

1Personnel supported on the Stanford CIMAC grant
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% call rate # wells called % call rate # wells called
CDR3b 42% 2146 CDR3b 69% 532
CDR3a 18% 924 CDR3a 73% 563
alt.CDR3a 3% 145 alt.CDR3a 20% 151
CDR3b+CDR3a both called 12% 612 CDR3b+CDR3a both called 53% 406
CDR3b+altCDR3a both called 2% 96 CDR3b+altCDR3a both called 14% 104











