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Abstract 
 
RNA detection techniques have expanded into a diverse methodological landscape spanning hybridization, amplification, 
imaging, and sequencing. In this review, we provide a method‑centric synthesis of the major technologies that define this 
landscape, emphasizing how each method’s core principle, practical strengths, and sources of variability shape its 
reproducibility. Beginning with foundational approaches, we trace the development of isothermal amplification, quantitative 
and digital PCR, microarrays, single‑molecule imaging, multiplexed spatial methods, and amplification‑free digital 
quantification. We then examine the transformative impact of bulk, single‑cell, long‑read, direct‑RNA, and spatial 
transcriptomics, as well as CRISPR‑based detection and metabolic labeling for RNA dynamics. Across these technologies, 
we focus on reproducibility as a defining dimension of evaluation: mature methods benefit from established standards, 
whereas newer approaches remain pre‑standardization and require careful, experiment‑specific controls. Rigorous method 
selection must be guided by the biological question, required resolution, sample constraints, and the maturity of each 
method’s reproducibility framework. We conclude that RNA detection methods form interconnected methodological paths 
of problem‑solving rather than simple replacements. 
  
Keywords: RNA detection, Transcriptomics, Quantitative PCR, RNA sequencing, Spatial transcriptomics, Reproducibility 
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Introduction 
 
RNA is one of the most informative molecular readouts of cellular state, capturing both gene activity and the regulatory 
dynamics that shape it [1]. As a result, reliable RNA detection and measurement have become essential across nearly all 
areas of life sciences. Determining where and when RNA molecules are expressed now represents one of the field’s most 
routine and consequential measurements. 
Over the past five decades, the available methods have expanded from a single membrane‑based assay into a large and 
heterogeneous toolkit spanning hybridization, enzymatic amplification, sequencing, imaging, and computational prediction. 
This diversification has greatly broadened what can be asked of a transcriptome, from a simple presence/absence question 
to isoform‑resolved, spatially mapped, and temporally dynamic measurements. Yet it has also introduced a practical 
challenge: data that should agree often do not, and the discrepancy frequently originates in the method rather than the biology. 
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The reproducibility of a PCR-based RNA measurement is shaped by the reverse‑transcription step, amplification chemistry, 
library preparation workflow, and analysis or computational pipeline—sources of variability that differ qualitatively from 
one method to the next, complicating cross‑study comparison. 
Choosing an RNA detection method is, in effect, choosing a particular profile of sensitivity, throughput, spatial or temporal 
information, and, critically, a particular standardization framework. Some methods are governed by mature, community-
agreed reporting standards and reference materials, whereas others remain pre‑standardization, with reproducibility that 
must be justified study-by-study. Understanding how each method works and where its variability arises is the most direct 
route to using it rigorously and interpreting its results with confidence. 
To highlight the evolution of the field as a coherent progression rather than a catalog of techniques, this review organizes 
the major RNA detection methods in a broadly chronological and conceptual sequence. This structure allows us to infer how 
each method addressed the limitations of its predecessors and opened the conceptual space for the next. In many cases, a 
method was developed expressly to overcome a defined constraint of an earlier one, creating methodological paths of 
problem‑solving that extend across decades. For each technology, we provide a concise overview of its core principle and 
practical use, its strengths and limitations, and the reproducibility‑relevant considerations that determine whether its results 
travel reliably between laboratories. Categorization by detection principle is treated as secondary and summarized in a 
comparative table (Table 1), allowing the chronological narrative to foreground how the field has expanded, diversified, and 
matured. 
 
Table 1. Categorical comparison of the major RNA detection technologies 

Method (year) 
[Reference] 

Detection 
principle 

Throughput Spatial 
information 

Reproducibility 
standard 

Practical tier 

Northern blot (1977) 
[3] 

Size-resolved 
hybridization 

Single target No In-study controls Low-cost, low-
throughput 

NASBA/LAMP/RPA 
(1991–2006) [5,6,57] 

Isothermal 
amplification Low-plex No Assay-specific 

Field/point-of-
care 

RT-qPCR (1993–
2001) [9–11] 

Reverse 
transcription + 
real-time PCR 

Low-plex No MIQE/MIQE 2.0 
[10,11] 

Routine, 
ubiquitous 

ddPCR (2011) [14] 
Partitioned 
digital PCR 

Low-plex No 
dMIQE; 
benchmarked vs. 
qPCR [13] 

Specialized 
quantification 

Microarray (1995) 
[16,17] 

Parallel probe 
hybridization 

Transcriptome 
(fixed) No MAQC [16] 

Mature, 
declining 

smFISH (1998–2008) 
[19] 

Single-
molecule 
hybridization 
imaging 

Low gene count Subcellular In-study controls 
Specialized 
imaging 

MERFISH/seqFISH+ 
(2015–2019) [21,22] 

Multiplexed 
barcoded 
imaging 

100s–10,000s 
genes 

Subcellular 
Pre-
standardization 
[21,22] 

Specialized 
imaging 

NanoString nCounter 
(2008) [27] 

Amplification-
free digital 
barcodes 

Up to ~800 No 
Clinical 
validation [24] 

Targeted, 
clinical 

RNAscope (2012) [25] 
Branched-DNA 
in situ 
amplification 

Low-plex 
Subcellular 
(FFPE) 

In-study controls 
Pathology 
mainstay 

Bulk RNA-seq (2008) 
[29,30] 

Short-read 
cDNA 
sequencing 

Transcriptome No 
SEQC, ERCC, 
ENCODE [29–
31] 

Discovery 
default 

scRNA-seq (2009–
2015) [36–38] 

Barcoded 
single-cell 
sequencing 

Transcriptome × 
cells 

No (cell 
identity) 

Benchmarks; no 
consortium 
[37,38] 

Widely used, 
complex 
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Long-read/direct RNA 
(2013–2018) [43–45] 

Full-
length/native 
sequencing 

Transcriptome 
(isoforms) 

No Pre-
standardization 

Specialized 

Spatial transcriptomics 
(2013–2022) [46–50] 

Spatially 
barcoded/in situ 
sequencing 

Transcriptome 
Tissue–
subcellular 

Pre-
standardization 

Rapidly 
growing 

CRISPR detection 
(2017–2018) [51–53] 

Programmable 
nuclease + 
reporter 

Low-plex No Pre-
standardization 

Point-of-care 

Metabolic labeling 
(2008–2018) [54–56] 

Nucleoside 
recoding + 
sequencing 

Transcriptome 
(dynamics) No (temporal) 

Pre-
standardization 

Specialized 
research 

 
 

1. Northern blotting 
 
Early RNA detection methods demonstrated that specific transcripts could be identified within complex mixtures, using 
solution hybridization and radiolabeling approaches that laid the conceptual groundwork for later advances [2]. However, 
these early techniques offered limited resolution and quantification, and they could not visualize distinct RNA species within 
a heterogeneous sample. What the field needed was a method that could separate RNA molecules by size and then detect 
specific sequences within that resolved background. This need set the stage for the development of the Northern blot. 
Introduced by Alwine, Kemp, and Stark, the Northern blot was the first method to detect a specific RNA species against a 
complex background [3]. In this approach, RNA is separated by size on a denaturing gel, transferred to a membrane, and 
detected by hybridization with a labeled complementary probe. In practice, the method remains valued for one capability 
that newer technologies provide only indirectly: it reports transcript size explicitly, enabling isoforms, precursors, and 
degradation products to be distinguished on a single membrane. Northern blotting remains the gold standard for highly 
structured and modified RNA molecules, such as transfer RNAs, and the recently identified tRNA-derived fragments (tDRs) 
[4]. 
Despite its conceptual elegance, Northern blotting has notable limitations. Its sensitivity is low, typically requiring 
microgram‑scale input RNA; its throughput is limited to a small number of targets; and the workflow is labor‑intensive, 
often spanning several days. From a reproducibility standpoint, quantification is inherently semi‑quantitative and depends 
on factors such as probe quality, hybridization conditions, transfer efficiency, and densitometry. No consortium‑level 
standard governs the method and, as such, inter‑laboratory comparability rests heavily on careful internal controls and 
transparent reporting. Nevertheless, Northern blotting established the foundational principle, sequence‑specific 
hybridization, as a readout on which most subsequent targeted RNA detection methods were built. It remains an important 
historical and conceptual source for the field, illustrating how early methodological constraints shaped the development of 
more sensitive, scalable, and standardized technologies. 
 
 

2. Isothermal amplification using NASBA, LAMP, and RPA approaches 
 
Parallel efforts focused on making amplification rapid, equipment‑light, and deployable outside conventional laboratories. 
This led to the development of isothermal amplification, in which nucleic acids are amplified at a constant temperature rather 
than through thermal cycling. Nucleic acid sequence–based amplification (NASBA) was the first widely adopted example, 
using a coordinated reverse transcriptase/RNase‑H/T7 polymerase reaction to amplify RNA isothermally [5]. 
Loop‑mediated isothermal amplification (LAMP) expanded the concept by using multiple primers and a strand‑displacing 
polymerase to generate large amounts of product with simple visual readouts [6], while recombinase polymerase 
amplification (RPA) pushed the temperature requirement down to near‑ambient levels through recombinase‑driven primer 
invasion [5]. 
These methods have become widely accessible in resource‑limited settings, with RT‑LAMP incorporated into World Health 
Organization–endorsed tuberculosis diagnostics [7]. Their strengths include speed (typically 30–60 min), minimal 
equipment, and tolerance of crude samples, whereas their limitations include complex primer design, nonspecific 
amplification, and largely qualitative or semi‑quantitative outputs. Reproducibility remains assay‑ and target‑specific rather 
than governed by a unifying standard, and sensitivity claims must be interpreted in context; LAMP can outperform 



 

 

Cite as: Vasanthakrishnan, M. K. et al. (2026). RNA Detection Technologies: A Method‑Centric Guide to 
Principles and Reproducibility. Bio-protocol 16(12): e5757. DOI: 10.21769/BioProtoc.5757 

4 

Published: Jun 20, 2026 

conventional PCR for some targets yet underperform nested PCR for others [8]. RPA has since become a preferred 
pre‑amplification step for CRISPR‑based detection, illustrating how this approach continues to support newer technologies. 
 
 

3. Reverse transcription and quantitative PCR 
 
The quantification of specific transcripts was transformed by the advent of real‑time PCR. Higuchi and colleagues first 
demonstrated that amplification could be monitored continuously by fluorescence [9]. Heid and colleagues then formalized 
real‑time quantitative PCR through the cycle‑threshold concept [10]. The comparative 2^(−ΔΔCt) method of Livak and 
Schmittgen later became the standard for relative quantification [11]. Reverse‑transcription quantitative PCR (RT‑qPCR) 
remains the most widely used targeted RNA method and the routine validation benchmark for higher‑throughput 
technologies, owing to its sensitivity (down to ~10 copies), low cost, rapid turnaround, and ubiquitous instrumentation. Its 
central reproducibility challenges are well-recognized: results depend on reverse‑transcription efficiency, primer design, and 
reference‑gene normalization, and inter‑laboratory comparability was historically poor until formal standards were 
introduced. The MIQE guidelines, and their subsequent revision as MIQE 2.0, defined the minimum information required 
for credible qPCR reporting [12,13] and remain the strongest determinant of whether qPCR results are reproducible. 
 
Droplet digital PCR (ddPCR) represents the digital evolution of this methodological stream. By partitioning a reaction into 
~20,000 nL droplets and scoring each as positive or negative, the system by Hindson and colleagues yields absolute molecule 
counts by Poisson statistics, eliminating the need for a standard curve [14]. In direct comparisons, ddPCR has shown 
markedly improved precision for low‑abundance targets, including an approximately sevenfold improvement in day‑to‑day 
reproducibility for serum/plasma microRNA measurement [15]. Its limitations include a narrower upper dynamic range and 
lower throughput than qPCR, making it best suited for absolute quantification, rare targets, and inhibitor‑rich samples. 
 
 

4. DNA microarrays 
 
While RT‑qPCR established a sensitive and standardized framework for targeted transcript quantification, it remained 
inherently limited to low throughput. The emergence of DNA microarrays marked the field’s first leap into genome‑wide 
expression profiling, extending hybridization‑based detection to thousands of transcripts simultaneously. DNA microarrays 
extended sequence‑specific hybridization from single targets to the whole transcriptome. They are termed DNA microarrays 
because the capture probes immobilized on the array surface are DNA oligonucleotides, either in the form of 
complementary‑DNA (cDNA) spots, as in the pioneering work by Schena and colleagues [16], or as high‑density synthetic 
oligonucleotides, as developed by Lockhart and colleagues [17]. These spatially addressed DNA probes enabled thousands 
of transcripts to be measured in parallel by hybridization, transforming gene expression analysis into a genome‑scale assay. 
Microarrays powered the first generation of transcriptome‑wide studies and remain embedded in validated clinical signatures 
where fixed, well‑characterized probe sets are advantageous. 
Their limitations are equally well-defined: a closed design that restricts measurement to pre‑selected probes, 
cross‑hybridization between related sequences, and a compressed dynamic range. Reproducibility became a central focus of 
the landmark MicroArray Quality Control (MAQC) project, which demonstrated that both intra‑ and inter‑platform 
measurements could be made reproducible with appropriate standardization [18]. This effort established the template for 
later sequencing–reproducibility consortia. Although progressively displaced by RNA sequencing for discovery applications, 
DNA microarrays retain a practical role wherever a stable, validated content panel is sufficient and where regulatory‑grade 
reproducibility is required. 
 
 

5. Single-molecule and multiplexed RNA imaging 
 
As hybridization‑based profiling expanded to the transcriptome through DNA microarrays, a parallel effort sought to recover 
the spatial information that array‑based methods inherently lack. In situ hybridization achieves this by hybridizing RNA 
molecules in their native place within cells and tissues, preserving spatial context that solution‑based methods cannot capture. 
Early implementations demonstrated that RNA could be visualized directly, but true single‑molecule resolution emerged 
when Femino and colleagues first imaged individual transcripts in fixed cells [19]. Raj and colleagues then made 
single‑molecule fluorescence in situ hybridization (smFISH) robust and quantitative by tiling each target with ~30 singly 
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labeled oligonucleotide probes, so that only their coincidence produced a detectable fluorescent spot [20]. smFISH provides 
absolute transcript counts per cell with subcellular resolution and very low false‑positive rates, though at the cost of low 
gene throughput. However, this technique can only be used on unique sequences, limiting its usefulness for analyzing mature 
miRNA levels vs. pre-miRNA levels or tDRs vs. mature tRNAs. This requirement for long, probe‑tillable regions also makes 
smFISH poorly suited for short mRNAs and many long noncoding RNAs that lack a sufficiently unique sequence for robust 
probe design. 
Scaling this principle to the transcriptome required multiplexing. MERFISH (multiplexed error-robust fluorescence in situ 
hybridization) achieves this through error‑robust combinatorial barcoding across sequential imaging rounds, enabling 
hundreds to thousands of genes to be profiled at single‑molecule resolution [21], while seqFISH+ reaches a comparable 
scale using pseudocolor barcoding [22]. MERFISH reports detection efficiencies of ~80% with misidentification rates near 
4% at the ~10,000‑gene scale [23], and its measurements show strong concordance with bulk and single‑cell RNA 
sequencing [24]. The dominant reproducibility challenge for multiplexed imaging lies in computation: image segmentation, 
spot calling, and barcode decoding lack consensus pipelines, so quantitative claims require in‑study replicates and explicit 
reporting of detection efficiency and misidentification rates. In addition to these computational sources of variability, 
multiplexed imaging also faces intrinsic physical limitations, most notably optical crowding, where high local transcript 
density prevents individual molecules from being resolved even with perfect analysis. 
 
 

6. RNAscope in situ hybridization 
 
As single‑molecule imaging matured, a major practical advance came from the commercialization of robust in situ 
hybridization chemistry. RNAscope, developed by Wang and colleagues and marketed by Advanced Cell Diagnostics (now 
part of Bio‑Techne), addressed the long‑standing problem of high background in tissue hybridization through a paired‑probe 
design in which only correctly adjacent probes nucleate a branched amplification tree [25]. Because the target RNA is not 
enzymatically copied, the method achieves near‑single‑molecule sensitivity while preserving stoichiometry, and it performs 
reliably in formalin‑fixed, paraffin‑embedded tissue—an essential requirement for pathology. RNAscope has become a 
widely used method for tissue‑level transcript localization in both research and diagnostic settings. 
The platform’s proprietary nature brings both strengths and constraints. Probe design, amplification chemistry, and detection 
reagents are centrally controlled, contributing to consistent wet‑lab performance but limiting customization and multiplexing 
relative to methods such as MERFISH. BaseScope, a related assay within the same commercial suite, extends the approach 
to splice junction–specific and short‑target detection, enabling discrimination of closely related isoforms and even 
single‑exon or single‑nucleotide differences [26]. As with other imaging‑based methods, reproducibility ultimately depends 
on image quantification and segmentation, spot calling, and thresholding, which remains less standardized than the 
underlying chemistry. Transparent reporting of analysis parameters and controls is therefore essential for credible 
quantitative claims. 
 
 

7. NanoString nCounter 
 
While RNAscope provided a robust, commercial solution for spatial transcript detection in tissue, the need for equally 
standardized, amplification‑free quantification in bulk samples led to the development of the NanoString nCounter platform. 
Developed by Geiss and colleagues and commercialized as a turnkey system, NanoString nCounter introduced 
amplification‑free, digital, multiplexed RNA counting. Each transcript is captured by a probe pair and tagged with a 
color‑coded molecular barcode that is imaged and counted directly, eliminating reverse transcription and enzymatic 
amplification from the workflow [27]. This design makes the assay notably robust to degraded and formalin‑fixed material, 
which has become its principal practical strength, and the platform’s commercial standardization ensures highly consistent 
wet‑lab performance across laboratories. 
Its constraints are equally characteristic: a fixed panel architecture (up to ~800 targets), no discovery capability, and reliance 
on a dedicated instrument. However, reproducibility is high in the sense most relevant to clinical deployment. The 
PAM50‑based Prosigna assay, built on the nCounter platform, was analytically validated for formalin‑fixed, 
paraffin‑embedded breast tumor specimens and received regulatory clearance [28], making nCounter one of the few RNA 
detection technologies with formal, documented clinical‑grade reproducibility. 
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8. Bulk RNA sequencing 
 
While platforms such as NanoString provided standardized, amplification‑free quantification for fixed panels, the need for 
open, discovery‑scale measurements drove the field toward sequencing‑based approaches. RNA sequencing replaced 
hybridization with direct, hypothesis‑free counting of cDNA fragments. Foundational studies in mammalian cells by 
Mortazavi and colleagues [29] and in yeast by Nagalakshmi and colleagues [30] established that short‑read sequencing could 
quantify transcripts genome‑wide with a wide dynamic range while also detecting novel transcripts and splice junctions, 
capabilities summarized in early reviews [31]. Bulk RNA‑seq rapidly became the default discovery method for 
transcriptome‑wide expression profiling. Its limitations include adapter ligation, amplification and library preparation biases, 
batch effects, and the need for computational analysis, although user‑friendly web‑based pipelines have reduced the barrier 
to entry. Beyond these technical considerations, bulk measurements also average across all cells in a sample, obscuring 
cellular heterogeneity, failing to detect rare populations, and providing no spatial information. 
Reproducibility has been examined more extensively for bulk RNA‑seq than for any other RNA detection method. The 
SEQC/MAQC‑III consortium demonstrated that relative expression measurements are robust across laboratories and 
platforms when appropriate filtering is applied, while noting that absolute and transcript‑level quantification remain more 
variable [32]. External RNA spike‑in controls provide an amplification‑independent calibration anchor [33], and ENCODE 
established widely used data standards for sequencing depth and replicate concordance [34] [59]. Complementing these 
efforts, the Recount3 initiative has reprocessed tens of thousands of publicly available RNA‑seq datasets through a uniform 
computational pipeline, providing harmonized gene‑ and exon‑level quantifications that remove a major source of 
between‑study variability [35]. The practical consequence is that bulk RNA‑seq delivers reproducible differential‑expression 
results when spike‑ins, adequate depth, and standardized analysis pipelines—whether local or community‑curated resources 
such as Recount3—are used. 
 
 

9. Single‑cell RNA sequencing 
 
Although bulk RNA‑seq transformed transcriptome‑wide measurement, it necessarily averages across all cells in a sample, 
prompting the development of methods capable of resolving the cellular heterogeneity that bulk profiles obscure. Tang and 
colleagues reported the first single‑cell transcriptome [36], and droplet‑based methods—Drop‑seq [37] and inDrop [38]—
subsequently scaled the approach to tens of thousands of cells by barcoding individual cells before pooling. A key 
reproducibility innovation was the unique molecular identifier (UMI), which tags individual molecules prior to amplification 
so that PCR duplicates can be removed and counts corrected [39,40]; UMIs materially reduce amplification noise and have 
become foundational to modern single‑cell protocols. In practice, platform choice is consequential, and it is best guided by 
published benchmarks rather than vendor claims: comparative studies have systematically evaluated single‑cell methods for 
sensitivity, precision, and cost [41, 42]. 
The limitations of single‑cell RNA‑seq are well recognized: pronounced dropout of low‑abundance transcripts, complex 
analysis workflows with no single canonical pipeline, and loss of spatial context. Unlike bulk RNA‑seq, no MIQE‑ or 
SEQC‑equivalent consortium standard governs single‑cell measurement, so reproducibility relies on transparent reporting, 
technical replicates, and benchmark‑guided platform selection. Despite these challenges, single‑cell RNA‑seq has become 
a central tool for dissecting cellular diversity, developmental trajectories, and regulatory states at a resolution unattainable 
by bulk methods. Despite these challenges, single‑cell RNA‑seq has become a central tool for dissecting cellular diversity, 
developmental trajectories, and regulatory states at a resolution unattainable by bulk methods. Its importance is reflected in 
the large number of specialized protocols that have diverged from the original implementations, optimized for high 
throughput, full‑length coverage, perturbation screens, multi‑omics integration, or ultra‑low‑input samples, underscoring 
how deeply embedded single‑cell profiling has become across biological contexts. 
 
 

10. Long‑read and direct RNA sequencing 
 
Both bulk and single‑cell RNA‑seq rely on short reads that reconstruct isoform structure only by inference. Long‑read 
sequencing emerged to measure full‑length transcripts directly. Early work using PacBio’s single‑molecule real‑time (SMRT) 
sequencing demonstrated that circular consensus sequencing could generate high‑fidelity, full‑length cDNA reads, enabling 
accurate reconstruction of complete isoforms, and revealing transcript structures that short reads cannot unambiguously 
assemble. Sharon and colleagues provided one of the first demonstrations of single‑molecule long‑read sequencing of the 
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human transcriptome, resolving complete isoforms at scale [43]. Nanopore direct RNA sequencing, introduced by Garalde 
and colleagues, extended this principle by sequencing native RNA molecules without reverse transcription or amplification, 
thereby preserving isoform structure, poly(A)‑tail length, and base modification–sensitive signal information within a single 
read [44]. This capability was applied at the transcriptome scale to the human poly(A) RNA population by Workman and 
colleagues [45]. 
Long‑read and direct RNA sequencing provide the most straightforward route to address isoform‑resolved and 
epitranscriptomic questions. Their limitations are well-recognized: lower per‑base accuracy and throughput than short‑read 
sequencing and, most importantly for reproducibility, a strong dependence on basecalling and modification‑calling software 
versions. As these computational steps materially affect read identity, isoform assignment, and modification detection, 
software versions and model parameters should be explicitly recorded. As the field continues to mature, transparent reporting 
and version‑controlled analysis remain essential for credible, reproducible long‑read and direct RNA measurements. 
 
 

11. Spatial transcriptomics and in situ sequencing 
 
Although long‑read and direct RNA sequencing resolved transcript structure at the molecule level, they did so at the cost of 
spatial context, motivating a complementary lineage of methods that restored positional information to sequencing. In situ 
sequencing, described by Ke and colleagues, read short transcript barcodes directly within fixed tissue by rolling‑circle 
amplification of padlock probes [46]; STARmap extended this principle to three‑dimensional tissue volumes through 
hydrogel embedding and in‑tissue barcode sequencing [47]. Capture‑based spatial transcriptomics took the opposite 
approach: instead of sequencing in place, transcripts were captured onto a spatially barcoded surface for ex situ sequencing. 
The original method by Ståhl and colleagues [48] was refined to near‑cellular resolution by Slide‑seq [49] and to sub‑micron 
resolution by Stereo‑seq [50], enabling progressively finer spatial mapping of transcriptomes. 
In practice, capture‑based methods provide unbiased, transcriptome‑wide spatial discovery, whereas image‑based methods 
offer targeted, single‑molecule confirmation. The shared limitation is a fundamental trade‑off between spatial resolution and 
capture efficiency or gene‑panel size. The dominant reproducibility concern is computational: deconvolution of multi‑cell 
capture spots and assignment of transcripts to individual cells rely on competing algorithms that do not yet converge on a 
consensus solution. As a result, spatial transcriptomics remains in the pre‑standardization category, where transparent 
reporting of analysis parameters, benchmarking across tools, and in‑study controls are essential for credible quantitative 
interpretation. 
 
 

12. CRISPR‑based RNA detection 
 
Where spatial transcriptomics restored positional information to sequencing, a parallel development introduced an entirely 
new recognition chemistry for nucleic acid detection. Programmable CRISPR nucleases enabled sequence‑specific detection 
through target‑activated collateral cleavage. SHERLOCK, developed by Gootenberg and colleagues, coupled RPA 
pre‑amplification to Cas13, whose activation triggers collateral cleavage of a quenched reporter to yield a fluorescent or 
lateral‑flow signal with single‑base specificity [51]; a multiplexed, quantitative version followed shortly thereafter [52]. 
DETECTR, by Chen and colleagues, applied the analogous collateral activity of Cas12a to DNA targets [53]. These assays 
are oriented toward rapid, low‑equipment, point‑of‑care detection, with single‑base discrimination particularly valuable for 
variant and allele identification. 
Their limitations are characteristic of early‑stage diagnostic platforms: dependence on pre‑amplification for maximal 
sensitivity, which introduces contamination risk; largely qualitative or semi‑quantitative output; and a still‑developing 
evidence base for reproducibility. Validation has so far come from a limited number of laboratories, and no MIQE‑ or 
SEQC‑equivalent consortium standard yet governs CRISPR‑based detection. As a result, these methods are best treated as 
application‑specific assays that require empirical validation, explicit reporting of amplification steps, and interpretation as 
qualitative or semi‑quantitative readouts rather than absolute measurements. 
 
 

13. Metabolic labeling to visualize nascent RNA 
 
All steady‑state RNA measurements share a fundamental limitation: they cannot distinguish synthesis from turnover. 
Metabolic labeling resolves this temporal dimension. Building on 4‑thiouridine pulse‑labeling and biochemical separation 
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of newly synthesized RNA [54], SLAM‑seq introduces a nucleoside‑recoding chemistry that converts incorporated 
4‑thiouridines into a characteristic T→C signature, allowing new and pre‑existing transcripts to be distinguished directly 
from sequencing data at single‑nucleotide resolution [55]. TimeLapse‑seq achieved the same conceptual separation through 
an independent recording chemistry that marks newly synthesized RNA without requiring physical enrichment [56]. These 
approaches quantify synthesis and degradation rates and distinguish transcriptional from post‑transcriptional regulation. 
Their limitations are primarily practical: incompatibility with most primary tissues and the need to optimize labeling time 
and dose against cytotoxicity and metabolic perturbation. Reproducibility depends critically on transparent reporting of these 
labeling parameters, as they determine the effective temporal resolution and the fraction of labeled transcripts. As with 
several emerging methods in this review, metabolic‑labeling approaches are not yet covered by a formal consortium standard, 
placing them in the pre‑standardization category where careful optimization and explicit documentation are essential for 
credible interpretation. 
 
 

Choosing a method: aligning technology with the biological question 
 
The single most important determinant of a successful RNA measurement is not the method but the question it is meant to 
answer; the biological question should dictate the method, never the reverse. Before selecting a technology, several criteria 
must be made explicit. First, the nature of the target: whether the aim is to quantify a small number of known transcripts or 
to survey the transcriptome without prior hypotheses, a distinction that separates targeted assays from discovery platforms. 
Second, the type of quantification required, relative vs. absolute, since applications such as rare‑variant or low‑abundance 
detection benefit from the standard‑curve‑free absolute counting of droplet digital PCR, which has demonstrated superior 
precision over real‑time PCR for such targets [15]. Third, the dimensions of information needed: bulk abundance, single‑cell 
resolution, spatial location, or temporal dynamics, each of which sharply constrains the candidate methods. Fourth, the 
characteristics of the sample, including input amount and whether material is fresh, frozen, or formalin‑fixed, as degraded 
or archival specimens favor amplification‑free counting approaches validated for such material [28]. 
Fifth, and often overlooked, is the maturity of the method’s reproducibility framework. Technologies governed by 
consortium standards such as MIQE for quantitative PCR [12] or the SEQC/MAQC‑III assessment for RNA sequencing 
[32] offer measurable inter‑laboratory comparability, whereas newer methods require study‑specific controls. An additional 
molecular constraint is the epitranscriptomic modification status of the RNA itself, since heavily modified species such as 
tRNAs are often refractory to reverse transcription–based approaches and can therefore be systematically under-detected in 
amplification-dependent workflows. Finally, practical constraints such as cost, turnaround time, equipment availability, and 
analytical expertise should be used to narrow the final choice. Where platform choice is consequential, as in single-cell 
sequencing, selection should be guided by published head-to-head benchmarks rather than vendor claims [41,42]. The most 
robust experimental designs frequently combine methods, pairing a discovery platform with an orthogonal validation assay 
so that the strengths of one offset the limitations of another. This often requires collaboration between groups with 
complementary expertise, which is itself a strength: it brings together distinct methodological expertise and ensures that 
validation is performed independently of discovery. Defining these criteria in advance remains the most reliable route to a 
reproducible and interpretable result. 
 
 

Conclusion 
 
Three take‑home messages emerge from a chronological, method‑centric assessment of RNA detection technologies. First, 
RNA detection technologies form progressive trajectories of problem-solving rather than a succession of replacements. Real-
time PCR added quantification to amplification, and digital PCR added absolute precision; microarrays generalized 
hybridization, and RNA‑seq removed its closed‑content limitation; smFISH made hybridization single-molecule, and 
MERFISH made it transcriptome-wide; bulk sequencing was refined into single-cell, then spatial, then native and time-
resolved variants. Viewed in this way, RNA detection methods constitute a connected toolkit, with each method occupying 
a distinct position defined by the biological question it is designed to answer. 
Second, reproducibility across this toolkit depends strongly on the availability of established standards, benchmarks, and 
reporting frameworks. Mature methods like RT‑qPCR, ddPCR, microarrays, and bulk RNA‑seq benefit from widely used 
guidelines and consortium‑level assessments, including MIQE, dMIQE, MAQC, SEQC, ERCC spike‑ins, and ENCODE 
standards. Newer methods, including single‑cell, spatial, long‑read, direct‑RNA, CRISPR‑based, and metabolic‑labeling 
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approaches, are rapidly developing their own best practices but still require careful experiment‑specific controls, transparent 
reporting, and benchmark‑aware interpretation. 
Third, the field has expanded from measuring whether RNA is present or abundant toward measuring where it is located, 
when it is produced, how it is processed, and how confidently it can be quantified. This shift has made computational analysis 
an increasingly central component of RNA detection. For many modern methods, reproducibility now depends not only on 
sample preparation and molecular chemistry but also on choices in alignment, segmentation, deconvolution, basecalling, 
transcript assignment, and statistical modeling. RNA detection is therefore no longer a single‑purpose measurement problem 
but a multidimensional methodological landscape in which method choice must be matched to the biological question, 
resolution required, and available validation framework. 
Future methodological directions are visible in the present trajectory. The most valuable near‑term advances are unlikely to 
be entirely new detection chemistries. Instead, they are likely to come from the standardization of methods that currently 
lack it, consortium benchmarking for single‑cell and spatial measurement, and consensus pipelines for image‑based and 
native RNA analysis. A parallel priority is the integration of capabilities that are currently separate, such as spatially resolved 
measurement of RNA dynamics. Equally important will be the disciplined validation of frontier tools, including genetically 
encoded recording and computational prediction, against established experimental standards. The history of RNA detection 
technologies suggests that the methods that endure are those whose variability is best understood and best controlled. This 
is where methodological effort most meaningfully strengthens the reproducibility and robustness of a technique. 
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rephrasing, and the identification of potentially relevant literature. The structural framework, conceptual direction, 
interpretation, reasoning, selection of content, and development of the manuscript’s arguments were determined by the authors. 
All AI-assisted outputs were rigorously reviewed, verified for accuracy, edited, and approved by the authors, who take full 
responsibility for the accuracy, reliability, and credibility of the final manuscript.  
 
 

References 
 
1. Harada, B. T. (2024). The many faces of RNA. Mol Cell. 84(19): 3565–3566. 

https://doi.org/10.1016/j.molcel.2024.09.017 
2. Bolton, E. T. and McCarthy, B. J. (1962). ‘A general method for the isolation of RNA complementary to DNA. Proc 

Natl Acad Sci USA. 48(8): 1390–1397. https://doi.org/10.1073/pnas.48.8.1390 
3. Alwine, J. C., Kemp, D. J. and Stark, G. R. (1977). Method for detection of specific RNAs in agarose gels by transfer 

to diazobenzyloxymethyl-paper and hybridization with DNA probes. Proc Natl Acad Sci USA. 74(12): 5350–5354. 
https://doi.org/10.1073/pnas.74.12.5350 

4. Hogg, M. (2023). tRNA fragment biomarkers of Neurological Disease: Challenges and Opportunities. Med Res Arch. 
11(3): e3688. https://doi.org/10.18103/mra.v11i3.3688 

5. Compton, J. (1991). Nucleic acid sequence-based amplification. Nature. 350(6313): 91–92. 
https://doi.org/10.1038/350091a0 

6. Notomi, T. (2000). Loop-mediated isothermal amplification of DNA. Nucleic Acids Res. 28(12): 63e–63. 
https://doi.org/10.1093/nar/28.12.e63 

7. World Health Organization. (2016). The use of loop-mediated isothermal amplification (TB-LAMP) for the diagnosis 
of pulmonary tuberculosis: policy guidance. World Health Organization, Geneva. 

8. Khan, M., Wang, R., Li, B., Liu, P., Weng, Q. and Chen, Q. (2018). Comparative Evaluation of the LAMP Assay and 
PCR-Based Assays for the Rapid Detection of Alternaria solani. Front Microbiol. 9: e02089. 
https://doi.org/10.3389/fmicb.2018.02089 

9. Higuchi, R., Fockler, C., Dollinger, G. and Watson, R. (1993). Kinetic PCR Analysis: Real-time Monitoring of DNA 
Amplification Reactions. Nat Biotechnol. 11(9): 1026–1030. https://doi.org/10.1038/nbt0993-1026 

10. Schmittgen, T. D. (2001). Real-Time Quantitative PCR. Methods 25(4): 383–385. 
https://doi.org/10.1006/meth.2001.1260 

https://doi.org/10.1016/j.molcel.2024.09.017
https://doi.org/10.1073/pnas.48.8.1390
https://doi.org/10.1073/pnas.74.12.5350
https://doi.org/10.18103/mra.v11i3.3688
https://doi.org/10.1038/350091a0
https://doi.org/10.1093/nar/28.12.e63
https://doi.org/10.3389/fmicb.2018.02089
https://doi.org/10.1038/nbt0993-1026
https://doi.org/10.1006/meth.2001.1260


 

 

Cite as: Vasanthakrishnan, M. K. et al. (2026). RNA Detection Technologies: A Method‑Centric Guide to 
Principles and Reproducibility. Bio-protocol 16(12): e5757. DOI: 10.21769/BioProtoc.5757 

10 

Published: Jun 20, 2026 

11. Livak, K. J. and Schmittgen, T. D. (2001). Analysis of Relative Gene Expression Data Using Real-Time Quantitative 
PCR and the 2−ΔΔCT Method. Methods 25(4): 402–408. https://doi.org/10.1006/meth.2001.1262 

12. Bustin, S. A., Benes, V., Garson, J. A., Hellemans, J., Huggett, J., Kubista, M., Mueller, R., Nolan, T., Pfaffl, M. W., 
Shipley, G. L., et al. (2009). The MIQE Guidelines: Minimum Information for Publication of Quantitative Real-Time 
PCR Experiments. Clin Chem. 55(4): 611–622. https://doi.org/10.1373/clinchem.2008.112797 

13. Bustin, S. A., Ruijter, J. M., van den Hoff, M. J. B., Kubista, M., Pfaffl, M. W., Shipley, G. L., Tran, N., Rödiger, S., 
Untergasser, A., Mueller, R., et al. (2025). MIQE 2.0: Revision of the Minimum Information for Publication of 
Quantitative Real-Time PCR Experiments Guidelines. Clin Chem. 71(6): 634–651. 
https://doi.org/10.1093/clinchem/hvaf043 

14. Hindson, B. J., Ness, K. D., Masquelier, D. A., Belgrader, P., Heredia, N. J., Makarewicz, A. J., Bright, I. J., Lucero, 
M. Y., Hiddessen, A. L., Legler, T. C., et al. (2011). High-Throughput Droplet Digital PCR System for Absolute 
Quantitation of DNA Copy Number. Anal Chem. 83(22): 8604–8610. https://doi.org/10.1021/ac202028g 

15. Hindson, C. M., Chevillet, J. R., Briggs, H. A., Gallichotte, E. N., Ruf, I. K., Hindson, B. J., Vessella, R. L. and Tewari, 
M. (2013). Absolute quantification by droplet digital PCR versus analog real-time PCR. Nat Methods. 10(10): 1003–
1005. https://doi.org/10.1038/nmeth.2633 

16. Schena, M., Shalon, D., Davis, R. W. and Brown, P. O. (1995). Quantitative Monitoring of Gene Expression Patterns 
with a Complementary DNA Microarray. Science (1979). 270(5235): 467–470. 
https://doi.org/10.1126/science.270.5235.467 

17. Lockhart, D. J., Dong, H., Byrne, M. C., Follettie, M. T., Gallo, M. V., Chee, M. S., Mittmann, M., Wang, C., Kobayashi, 
M., Norton, H., et al. (1996). Expression monitoring by hybridization to high-density oligonucleotide arrays. Nat 
Biotechnol. 14(13): 1675–1680. https://doi.org/10.1038/nbt1296-1675 

18. Shi, L., Shi, L., Reid, L. H., Jones, W. D., Shippy, R., Warrington, J. A., Baker, S. C., Collins, P. J., de Longueville, F., 
et al. (2006). The MicroArray Quality Control (MAQC) project shows inter- and intraplatform reproducibility of gene 
expression measurements. Nat Biotechnol. 24(9): 1151–1161. https://doi.org/10.1038/nbt1239 

19. Femino, A. M., Fay, F. S., Fogarty, K. and Singer, R. H. (1998). Visualization of Single RNA Transcripts in Situ. 
Science. 280(5363): 585–590. https://doi.org/10.1126/science.280.5363.585 

20. Raj, A., van den Bogaard, P., Rifkin, S. A., van Oudenaarden, A. and Tyagi, S. (2008). Imaging individual mRNA 
molecules using multiple singly labeled probes. Nat Methods. 5(10): 877–879. https://doi.org/10.1038/nmeth.1253 

21. Chen, K. H., Boettiger, A. N., Moffitt, J. R., Wang, S. and Zhuang, X. (2015). Spatially resolved, highly multiplexed 
RNA profiling in single cells. Science. 348(6233): eaaa6090. https://doi.org/10.1126/science.aaa6090 

22. Eng, C. H., Lawson, M., Zhu, Q., Dries, R., Koulena, N., Takei, Y., Yun, J., Cronin, C., Karp, C., Yuan, G. C., et al. 
(2019). Transcriptome-scale super-resolved imaging in tissues by RNA seqFISH+. Nature. 568(7751): 235–239. 
https://doi.org/10.1038/s41586-019-1049-y 

23. Xia, C., Fan, J., Emanuel, G., Hao, J. and Zhuang, X. (2019). Spatial transcriptome profiling by MERFISH reveals 
subcellular RNA compartmentalization and cell cycle-dependent gene expression. Proc Natl Acad Sci USA. 116(39): 
19490–19499. https://doi.org/10.1073/pnas.1912459116 

24. Liu, J., Tran, V., Vemuri, V. N. P., Byrne, A., Borja, M., Kim, Y. J., Agarwal, S., Wang, R., Awayan, K., Murti, A., et 
al. (2022). Concordance of MERFISH spatial transcriptomics with bulk and single-cell RNA sequencing. Life Sci 
Alliance. 6(1): e202201701. https://doi.org/10.26508/lsa.202201701 

25. Wang, F., Flanagan, J., Su, N., Wang, L. C., Bui, S., Nielson, A., Wu, X., Vo, H. T. et al. (2012). RNAscope: a novel 
in situ RNA analysis platform for formalin-fixed, paraffin-embedded tissues. J Mol Diagn. 14(1):22–9. 
https://doi.org/10.1016/j.jmoldx.2011.08.002 

26. Bunda, A. and Andrade, A. (2022). BaseScope™ Approach to Visualize Alternative Splice Variants in Tissue. Methods 
Mol Biol. : 185–196. https://doi.org/10.1007/978-1-0716-2521-7_11 

27. Geiss, G. K., Bumgarner, R. E., Birditt, B., Dahl, T., Dowidar, N., Dunaway, D. L., Fell, H. P., Ferree, S., George, R. 
D., Grogan, T., et al. (2008). Direct multiplexed measurement of gene expression with color-coded probe pairs. Nat 
Biotechnol. 26(3): 317–325. https://doi.org/10.1038/nbt1385 

28. Nielsen, T., Wallden, B., Schaper, C., Ferree, S., Liu, S., Gao, D., Barry, G., Dowidar, N., Maysuria, M., Storhoff, J., 
et al. (2014). Analytical validation of the PAM50-based Prosigna Breast Cancer Prognostic Gene Signature Assay and 
nCounter Analysis System using formalin-fixed paraffin-embedded breast tumor specimens. BMC Cancer. 14(1): 
e1186/1471–2407–14–177. https://doi.org/10.1186/1471-2407-14-177 

29. Mortazavi, A., Williams, B. A., McCue, K., Schaeffer, L. and Wold, B. (2008). Mapping and quantifying mammalian 
transcriptomes by RNA-Seq. Nat Methods. 5(7): 621–628. https://doi.org/10.1038/nmeth.1226 

https://doi.org/10.1006/meth.2001.1262
https://doi.org/10.1373/clinchem.2008.112797
https://doi.org/10.1093/clinchem/hvaf043
https://doi.org/10.1021/ac202028g
https://doi.org/10.1038/nmeth.2633
https://doi.org/10.1126/science.270.5235.467
https://doi.org/10.1038/nbt1296-1675
https://doi.org/10.1038/nbt1239
https://doi.org/10.1126/science.280.5363.585
https://doi.org/10.1038/nmeth.1253
https://doi.org/10.1126/science.aaa6090
https://doi.org/10.1038/s41586-019-1049-y
https://doi.org/10.1073/pnas.1912459116
https://doi.org/10.26508/lsa.202201701
https://doi.org/10.1016/j.jmoldx.2011.08.002
https://doi.org/10.1007/978-1-0716-2521-7_11
https://doi.org/10.1038/nbt1385
https://doi.org/10.1186/1471-2407-14-177
https://doi.org/10.1038/nmeth.1226


 

 

Cite as: Vasanthakrishnan, M. K. et al. (2026). RNA Detection Technologies: A Method‑Centric Guide to 
Principles and Reproducibility. Bio-protocol 16(12): e5757. DOI: 10.21769/BioProtoc.5757 

11 

Published: Jun 20, 2026 

30. Nagalakshmi, U., Wang, Z., Waern, K., Shou, C., Raha, D., Gerstein, M. and Snyder, M. (2008). The Transcriptional 
Landscape of the Yeast Genome Defined by RNA Sequencing. Science. 320(5881): 1344–1349. 
https://doi.org/10.1126/science.1158441 

31. Wang, Z., Gerstein, M. and Snyder, M. (2009). RNA-Seq: a revolutionary tool for transcriptomics. Nat Rev Genet. 
10(1): 57–63. https://doi.org/10.1038/nrg2484 

32. SEQC/MAQC-III Consortium. (2014). A comprehensive assessment of RNA-seq accuracy, reproducibility and 
information content by the Sequencing Quality Control Consortium. Nat Biotechnol. 32(9): 903–914. 
https://doi.org/10.1038/nbt.2957 

33. Jiang, L., Schlesinger, F., Davis, C. A., Zhang, Y., Li, R., Salit, M., Gingeras, T. R. and Oliver, B. (2011). Synthetic 
spike-in standards for RNA-seq experiments. Genome Res. 21(9): 1543–1551. https://doi.org/10.1101/gr.121095.111 

34. Landt, S. G., Marinov, G. K., Kundaje, A., Kheradpour, P., Pauli, F., Batzoglou, S., Bernstein, B. E., Bickel, P., Brown, 
J. B., Cayting, P., et al. (2012). ChIP-seq guidelines and practices of the ENCODE and modENCODE consortia. 
Genome Res. 22(9): 1813–1831. https://doi.org/10.1101/gr.136184.111 

35. Wilks, C., Zheng, S. C., Chen, F. Y., Charles, R., Solomon, B., Ling, J. P., Imada, E. L., Zhang, D., Joseph, L., Leek, 
J. T., et al. (2021). recount3: summaries and queries for large-scale RNA-seq expression and splicing. Genome Biol. 
22(1): e1186/s13059–021–02533–6. https://doi.org/10.1186/s13059-021-02533-6 

36. Tang, F., Barbacioru, C., Wang, Y., Nordman, E., Lee, C., Xu, N., Wang, X., Bodeau, J., Tuch, B. B., Siddiqui, A., et 
al. (2009). mRNA-Seq whole-transcriptome analysis of a single cell. Nat Methods. 6(5): 377–382. 
https://doi.org/10.1038/nmeth.1315 

37. Macosko, E. Z., Basu, A., Satija, R., Nemesh, J., Shekhar, K., Goldman, M., Tirosh, I., Bialas, A. R., Kamitaki, N., 
Martersteck, E. M., et al. (2015). Highly Parallel Genome-wide Expression Profiling of Individual Cells Using 
Nanoliter Droplets. Cell. 161(5): 1202–1214. https://doi.org/10.1016/j.cell.2015.05.002 

38. Klein, A. M., Mazutis, L., Akartuna, I., Tallapragada, N., Veres, A., Li, V., Peshkin, L., Weitz, D. A. and Kirschner, 
M. W. (2015). Droplet Barcoding for Single-Cell Transcriptomics Applied to Embryonic Stem Cells. Cell. 161(5): 
1187–1201. https://doi.org/10.1016/j.cell.2015.04.044 

39. Kivioja, T., Vähärautio, A., Karlsson, K., Bonke, M., Enge, M., Linnarsson, S. and Taipale, J. (2011). Counting absolute 
numbers of molecules using unique molecular identifiers. Nat Methods. 9(1): 72–74. 
https://doi.org/10.1038/nmeth.1778 

40. Islam, S., Zeisel, A., Joost, S., La Manno, G., Zajac, P., Kasper, M., Lönnerberg, P. and Linnarsson, S. (2013). 
Quantitative single-cell RNA-seq with unique molecular identifiers. Nat Methods. 11(2): 163–166. 
https://doi.org/10.1038/nmeth.2772 

41. Ziegenhain, C., Vieth, B., Parekh, S., Reinius, B., Guillaumet-Adkins, A., Smets, M., Leonhardt, H., Heyn, H., 
Hellmann, I., Enard, W., et al. (2017). Comparative Analysis of Single-Cell RNA Sequencing Methods. Mol Cell. 65(4): 
631–643.e4. https://doi.org/10.1016/j.molcel.2017.01.023 

42. Mereu, E., Lafzi, A., Moutinho, C., Ziegenhain, C., McCarthy, D. J., Álvarez-Varela, A., Batlle, E., Sagar, ., Grün, D., 
Lau, J. K., et al. (2020). Benchmarking single-cell RNA-sequencing protocols for cell atlas projects. Nat Biotechnol. 
38(6): 747–755. https://doi.org/10.1038/s41587-020-0469-4 

43. Sharon, D., Tilgner, H., Grubert, F. and Snyder, M. (2013). A single-molecule long-read survey of the human 
transcriptome. Nat Biotechnol. 31(11): 1009–1014. https://doi.org/10.1038/nbt.2705 

44. Garalde, D. R., Snell, E. A., Jachimowicz, D., Sipos, B., Lloyd, J. H., Bruce, M., Pantic, N., Admassu, T., James, P., 
Warland, A., et al. (2018). Highly parallel direct RNA sequencing on an array of nanopores. Nat Methods. 15(3): 201–
206. https://doi.org/10.1038/nmeth.4577 

45. Workman, R. E., Tang, A. D., Tang, P. S., Jain, M., Tyson, J. R., Razaghi, R., Zuzarte, P. C., Gilpatrick, T., Payne, A., 
Quick, J., et al. (2019). Nanopore native RNA sequencing of a human poly(A) transcriptome. Nat Methods. 16(12): 
1297–1305. https://doi.org/10.1038/s41592-019-0617-2 

46. Ke, R., Mignardi, M., Pacureanu, A., Svedlund, J., Botling, J., Wählby, C. and Nilsson, M. (2013). In situ sequencing 
for RNA analysis in preserved tissue and cells. Nat Methods. 10(9): 857–860. https://doi.org/10.1038/nmeth.2563 

47. Wang, X., Allen, W. E., Wright, M. A., Sylwestrak, E. L., Samusik, N., Vesuna, S., Evans, K., Liu, C., Ramakrishnan, 
C., Liu, J., et al. (2018). Three-dimensional intact-tissue sequencing of single-cell transcriptional states. Science. 
361(6400): eaat5691. https://doi.org/10.1126/science.aat5691 

48. Ståhl, P. L., Salmén, F., Vickovic, S., Lundmark, A., Navarro, J. F., Magnusson, J., Giacomello, S., Asp, M., Westholm, 
J. O., Huss, M., et al. (2016). Visualization and analysis of gene expression in tissue sections by spatial transcriptomics. 
Science. 353(6294): 78–82. https://doi.org/10.1126/science.aaf2403 

https://doi.org/10.1126/science.1158441
https://doi.org/10.1038/nrg2484
https://doi.org/10.1038/nbt.2957
https://doi.org/10.1101/gr.121095.111
https://doi.org/10.1101/gr.136184.111
https://doi.org/10.1186/s13059-021-02533-6
https://doi.org/10.1038/nmeth.1315
https://doi.org/10.1016/j.cell.2015.05.002
https://doi.org/10.1016/j.cell.2015.04.044
https://doi.org/10.1038/nmeth.1778
https://doi.org/10.1038/nmeth.2772
https://doi.org/10.1016/j.molcel.2017.01.023
https://doi.org/10.1038/s41587-020-0469-4
https://doi.org/10.1038/nbt.2705
https://doi.org/10.1038/nmeth.4577
https://doi.org/10.1038/s41592-019-0617-2
https://doi.org/10.1038/nmeth.2563
https://doi.org/10.1126/science.aat5691
https://doi.org/10.1126/science.aaf2403


 

 

Cite as: Vasanthakrishnan, M. K. et al. (2026). RNA Detection Technologies: A Method‑Centric Guide to 
Principles and Reproducibility. Bio-protocol 16(12): e5757. DOI: 10.21769/BioProtoc.5757 

12 

Published: Jun 20, 2026 

49. Rodriques, S. G., Stickels, R. R., Goeva, A., Martin, C. A., Murray, E., Vanderburg, C. R., Welch, J., Chen, L. M., 
Chen, F., Macosko, E. Z., et al. (2019). Slide-seq: A scalable technology for measuring genome-wide expression at 
high spatial resolution. Science. 363(6434): 1463–1467. https://doi.org/10.1126/science.aaw1219 

50. Chen, A., Liao, S., Cheng, M., Ma, K., Wu, L., Lai, Y., Qiu, X., Yang, J., Xu, J., Hao, S., et al. (2022). Spatiotemporal 
transcriptomic atlas of mouse organogenesis using DNA nanoball-patterned arrays. Cell. 185(10): 1777–1792.e21. 
https://doi.org/10.1016/j.cell.2022.04.003 

51. Gootenberg, J. S., Abudayyeh, O. O., Lee, J. W., Essletzbichler, P., Dy, A. J., Joung, J., Verdine, V., Donghia, N., 
Daringer, N. M., Freije, C. A., et al. (2017). Nucleic acid detection with CRISPR-Cas13a/C2c2. Science. 356(6336): 
438–442. https://doi.org/10.1126/science.aam9321 

52. Gootenberg, J. S., Abudayyeh, O. O., Kellner, M. J., Joung, J., Collins, J. J. and Zhang, F. (2018). Multiplexed and 
portable nucleic acid detection platform with Cas13, Cas12a, and Csm6. Science. 360(6387): 439–444. 
https://doi.org/10.1126/science.aaq0179 

53. Chen, J. S., Ma, E., Harrington, L. B., Da Costa, M., Tian, X., Palefsky, J. M. and Doudna, J. A. (2018). CRISPR-
Cas12a target binding unleashes indiscriminate single-stranded DNase activity. Science. 360(6387): 436–439. 
https://doi.org/10.1126/science.aar6245 

54. Dölken, L., Ruzsics, Z., Rädle, B., Friedel, C. C., Zimmer, R., Mages, J., Hoffmann, R., Dickinson, P., Forster, T., 
Ghazal, P., et al. (2008). High-resolution gene expression profiling for simultaneous kinetic parameter analysis of RNA 
synthesis and decay. RNA. 14(9): 1959–1972. https://doi.org/10.1261/rna.1136108 

55. Herzog, V. A., Reichholf, B., Neumann, T., Rescheneder, P., Bhat, P., Burkard, T. R., Wlotzka, W., von Haeseler, A., 
Zuber, J., Ameres, S. L., et al. (2017). Thiol-linked alkylation of RNA to assess expression dynamics. Nat Methods. 
14(12): 1198–1204. https://doi.org/10.1038/nmeth.4435 

56. Schofield, J. A., Duffy, E. E., Kiefer, L., Sullivan, M. C. and Simon, M. D. (2018). TimeLapse-seq: adding a temporal 
dimension to RNA sequencing through nucleoside recoding. Nat Methods. 15(3): 221–225. 
https://doi.org/10.1038/nmeth.4582 

57. Piepenburg, O., Williams, C. H., Stemple, D. L. and Armes, N. A. (2006). DNA Detection Using Recombination 
Proteins. PLoS Biol. 4(7): e204. https://doi.org/10.1371/journal.pbio.0040204 

58. Djebali, S., Davis, C. A., Merkel, A., Dobin, A., Lassmann, T., Mortazavi, A., Tanzer, A., Lagarde, J., Lin, W., 
Schlesinger, F., et al. (2012). Landscape of transcription in human cells. Nature. 489(7414): 101–108. 
https://doi.org/10.1038/nature11233 

59. ENCODE Project Consortium. (2012). An integrated encyclopedia of DNA elements in the human genome. Nature. 
489(7414): 57–74. https://doi.org/10.1038/nature11247 

 

https://doi.org/10.1126/science.aaw1219
https://doi.org/10.1016/j.cell.2022.04.003
https://doi.org/10.1126/science.aam9321
https://doi.org/10.1126/science.aaq0179
https://doi.org/10.1126/science.aar6245
https://doi.org/10.1261/rna.1136108
https://doi.org/10.1038/nmeth.4435
https://doi.org/10.1038/nmeth.4582
https://doi.org/10.1371/journal.pbio.0040204
https://doi.org/10.1038/nature11233
https://doi.org/10.1038/nature11247

	RNA Detection Technologies: A Method‑Centric Guide to Principles and Reproducibility
	Abstract
	Keywords: RNA detection, Transcriptomics, Quantitative PCR, RNA sequencing, Spatial transcriptomics, Reproducibility standards
	Introduction
	1. Northern blotting
	2. Isothermal amplification using NASBA, LAMP, and RPA approaches
	3. Reverse transcription and quantitative PCR
	4. DNA microarrays
	5. Single-molecule and multiplexed RNA imaging
	6. RNAscope in situ hybridization
	7. NanoString nCounter
	8. Bulk RNA sequencing
	9. Single‑cell RNA sequencing
	10. Long‑read and direct RNA sequencing
	11. Spatial transcriptomics and in situ sequencing
	12. CRISPR‑based RNA detection
	13. Metabolic labeling to visualize nascent RNA
	Choosing a method: aligning technology with the biological question
	Conclusion
	Usage of AI
	References

