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Abstract

Choice of temporal and spatial scale for querying biological systems is key to opening up nature’s mysteries for investigation.
For example, temporal resolution at which sampling is conducted is critical to answering granular details about a biological
phenomenon, where a coarse sampling interval could not reveal fine level control on RNA transcription or protein translation.
On the other hand, the spatial scale at which a biological question is posed concerns the validity of the conclusions drawn
from the data obtained. Specifically, techniques and methods chosen for population level cellular assays would not be able
to address questions at the single cell level, while the intricacies and caveats of single cell methodologies in understanding
biological processes at the single cell level needs to be appreciated. More importantly, how single cell phenomena is
aggregated to population level effects need to be factored into experiment design and data interpretation both for single cell
and population level studies. Specifically, as biology transcends multiple levels of organization ranging from single cell to
clusters of cells and cell population, it is critical to gain understanding of how different biological effects could manifest at
different population sizes. Hence, understanding the nuances of how temporal and spatial concepts could be deployed in
experiment design in biology would help yield experiments that would more likely help address specific questions posed at
the interface of subpopulations and subcellular level.
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1. Introduction design by practitioners in science. These considerations, however, are less
of a concern in computational biology as modern software codes typically
reserves sufficient memory resources for capturing longitudinal
information on molecular level dynamics at the single cell level. The
dataset collected would be huge and its analysis complicated and
protracted, but contemporary computational resources and algorithms do
afford fine-grained analysis of many longitudinal data; thereby, making
time resolution selection less of a concern compared to selection of
appropriate spatial scale. In brief, sufficient memory space enables a
sufficiently small-time resolution to be selected that help capture many
aspects of systems dynamics in computational biology. However, the
same is not true for spatial scale selection in computational biology as
each order of magnitude increase in length scale may result in exponential
scaling of system complexity. It is with this insight that orients the focus
of this manuscript on a discussion of spatial and temporal scale effects in
experimental biological science. But, nevertheless, some references to
spatial and temporal scale effects in computational biology would also be
mentioned.

Critical to designing appropriate experiments for answering specific
questions in biology is a good understanding of time and spatial scale
concepts [1-4]. Specifically, time course experiments are important for
correlating initiator-effector relationship between biomolecules in various
cellular processes, while spatial scale is increasingly critical for gaining
the appropriate understanding from an experimental system where
population level and single cell level studies may reveal different effects
[5, 6]. But, in actual practice, time and spatial concepts often intertwin.
For example, selection of a fast temporal scale may preclude analysis of
biological phenomena beyond a cluster of cells, as emergent behaviour
needs time for molecular level processing to yield an observable
biological outcome. On the other hand, a slow timescale selected to
observe single cell phenomena may result in averaging of biological
effects as the sampling resolution could not keep pace with biological
dynamics occurring at the single cell level. Such conundrums in
experimental biology thus necessitate a good grounding of fundamental
concepts in selecting appropriate time and spatial scale in experimental
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2. Discussion

2.1 Selecting appropriate temporal scale for capturing
system dynamics

Pulse chase experiments are one common tool for understanding the effect
of an initiating event on a biological process. But good understanding of
the resolution at which a temporal question could be answered is critical
to deriving the correct interpretation from experiment data. Specifically,
knowledge of the relative timescale at which molecular events could be
translated into macroscopic cellular behaviour is important; for example,
how transcription of a mRNA could lead to a cellular response against
viral infection, that ultimately results in cell lysis. In this case, if the
temporal resolution chosen is too coarse, it may not be able to capture
molecular events that occur with fast kinetics. But, on the other hand,
choice of fine-grained temporal resolution would also need to add in
considerations about availability of appropriate imaging or analytical
methods. In addition, modern imaging experiments generate large
amounts of data,” especially with fine temporal resolution sampling;
hence, availability of computational and processing capabilities for
analyzing large imaging datasets is prerequisite for designing the temporal
sampling resolution of a cell biological experiment. In many modern
biological experiment workflows, selecting the appropriate temporal
sampling regime is requisite for ensuring success of experiment inquiry.
Given that size of dataset scales linearly with temporal resolution, it may
be convenient to use a smaller time scale to capture unexpected dynamics
in cell biological experiments if sufficient imaging, processing and
analytical capability is available.

2.2 The dichotomy between single cell and cell population
level assay: what about the in-between?

On the other hand, given the advent of single cell experiments and the
experiment tools that supports it, [8, 9] an often-neglected area of
biological inquiry that needs more careful consideration during
experiment design is the level of biological organization pertinent to the
question under consideration. More specifically, whether a population
level or single cell approach is suitable for answering a question depends
critically on the granularity and likely implications of the question. For
example, RNA sequencing currently only works better and is easier to
design and execute at the cell population level, where RNA transcripts
from all cells in the sampled population are pooled together for observing
a hypothesized biological effect. However, what can we interpret from
population level data and transpose it to the single cell level? From another
perspective, how do single cell events aggregate to observable biological
effect at the macroscale [10], for example, cellular differentiation or cell
motility events? The latter question requires a conceptual leap in
understanding and the ability, of the investigator, to aggregate multiple
lines of thinking to fully account for most (if not all) biological effects that
manifest at the single cell level, but which can be aggregated to population
level macroscopic effects. One example is the increasingly accessible
single cell RNA-sequencing experiment [11]. Depending on the extent of
cellular heterogeneity in the population of cells, aggregating different
gene expression pattern of individual cells, or binning them into different
categories of sub-populations may not help arrive at the underlying
phenomenon. In this case, the size of the population of cells from which
single cells are drawn from is also important. Specifically, this relates to
the scale-dependent biological effects that could manifest at clusters of
cells and sub-populations that may confound the interpretation of single
cell data.

But biology seems to verge towards newer trends in research as
epitomized by the recent upsurge in research interest in single cell
experiments such as single cell RNA sequencing [12, 13]. There exists,
however, an alternative perspective to the single cell vis-a-vis population
level assay dichotomy: specifically, what lies in-between at the cell cluster
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level. This level of biological organization is seldom of interest in many
modern biological inquiries, but which represents a grey area ripe for
analysis and work-up to yield new and interesting biological insights at
organizational scale in-between single cell and population level. Clusters
of cells is currently ill-defined, which meant that it is an interesting subject
of inquiry. Imagine differing experimental readouts and emergent
behaviour from tens, hundreds to thousands of cells that hold serious
implications for our current understanding of spatial organization and
multicellularity in biology. The latter is of profound importance given our
as-yet relatively poor understanding of the evolutionary and fundamental
underpinnings of multicellular behaviour and its evolution [14-16].
Overall, choice of spatial scale sets the constraints for the biological
phenomenon that could be interrogated. While the current trend is towards
inquiring the single cell level, building biological understanding from the
cell cluster to population level may be the way forward to lend clarity to
the impact of spatial scale on biological effects across the whole gamut of
organizational scales.

2.3 Cell as fundamental unit of life bestows uniqueness to
the single cell perspective

However, special considerations need to be given to single cell biology as
the cell is the fundamental unit of life, whereupon biological complexity
and emergent properties are progressively built-up [17, 18]. Take, for
example, the desire to understand, at the single cell level, the relative
contribution of cytosolic and mitochondrial proteins in assembling the
oxidative phosphorylation pathway in single mitochondrion. Could single
cell RNA sequencing of the RNA transcript provide a distinction between
cytosolic RNA and mitochondrial RNA? The answer is yes, if it has the
requisite spatial sensitivity. Hence, whether a research question could be
successfully addressed critically depends on the close intertwin of spatial
resolution for compartmentalization, and whether contemporary
techniques and assays could probe and differentiate different
compartments in the defined spatial space. Given the relative lack of
spatial sensitivity of the emerging technique of single cell RNA
sequencing, it is currently difficult to apportion sampled RNA transcripts
to specific subcellular fractions at the organelle level. Thus, understanding
the spatiotemporal limits of techniques and instrument is important to
appropriate choice of analytical tools from the biologist’s toolbox during
experiment design.

While attempts have been made at modelling the metabolism and
workings of single cells [19-21], only coarse representations have been
created for the structural and system level aspect of single cell in silico
[22-25]. Computer simulation is one viable approach for biologists to
model and understand phenomenon at the single cell level [26, 27],
particularly for assays which as-yet could not be effectively scaled down
to this level such as single cell Western Blot [28-30]. However, many
aspects of cell biology remain inadequately understood which hampers the
use of physics, chemistry and mathematics to arrive at a quantitative
description of a single cell. This relates to recent efforts to highlight the
quantitative facet of single cell biology, but, at present, modelling of the
functioning of single cell such as at the cell movement dynamics level
remain inadequate to afford predictive capabilities. Without such
predictive capabilities and attendant inability to correlate with
experimental data, we remain at the initial stages of using in silico
methods to understand single cell biology.

2.4 Integrating spatial and temporal considerations in
biological inquiry

Hence, knowledge of the importance of time and spatial constraints to
biological phenomenon is crucial for understanding experiment data
derived, and more importantly, to the design of suitable experiments for
understanding macroscopic phenomenon at a level of detail useful for
yielding mechanistic knowledge detectable with contemporary
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techniques. Specifically, temporal scale is necessary for inserting time
points into biological phenomenon under observation for demarcating
initiation and lapse. Thus, using experiment tools and sampling points
appropriately would help provide crucial verification of phenomenon
hypothesized but non-observable at a poorer resolution of temporal
sampling; for example, understanding how fast cells react to the infusion
of nutrients from a growth medium. Spatial considerations on the other
hand, is predicated by the level of detail required to answer a question.
But, more importantly, it is heavily tied in to a perspective of viewing
biological complexity such as from the top-down (population level) or
bottom up (single cell). What is of emerging interest is the length scale in-
between single cell and cell population. Known as the cell-cluster level, it
represents a poorly studied and characterized biological space rich with
understanding ready to be uncovered by biologists.

3. Conclusion

Biological complexity at the spatial level remains the most neglected
aspect of experiment design as graduate students are typically used to
thinking at the population level in both designing and understanding
experiments. More importantly, ability to transcend different
organizational scales such as the multitude of organizations between
single cell and a population of cells remains a skill less practiced by
students. Either population level or single cell, what about the in-between?
Biological complexity spans many levels ranging from the single cell to
an entire population in a shake flask, hence, where do we start in asking a
question is as important as the question itself. A single cell, a hundred
cells or a ten thousand cells subpopulation, each with its own biology for
investigation. Thus, ability to think in spatial scales at different levels, and
more importantly, to relate between them is a crucial skill for the modeller
and experimentalist.

But an equally important aspect of experimental and theoretical biology is
the concept of time scales. Similar to length scales, biological processes
transverse multiple temporal scales ranging from the extremely fast events
of enzyme catalysis to the slow turnover of cell surface receptors. Choice
of time scale dictates whether a particular research question could be
answered. However, limitations in bioassays and analytical
instrumentation may constrain the questions that could be asked, and time
scale chosen. To this end, biologists increasingly turn to simulations and
theoretical reasoning to arrive at coarse estimates of a solution. Correct
interpretations of such simulations of biological phenomena are
paramount, and critically tests the fundamental knowledge of the graduate
student and principal investigator.

Conflict of Interest

The author declares no conflicts of interest.
Funding

No funding was used in this work.
References

1. Ladau, J. & Eloe-Fadrosh, E. A. (2019) Spatial, Temporal, and
Phylogenetic Scales of Microbial Ecology. Trends in
Microbiology 27, 662-669, doi:10.1016/j.tim.2019.03.003.

2. Carroll, S. S. & Pearson, D. L. (2000) Detecting and Modeling
Spatial and Temporal Dependence in Conservation Biology.
Conservation Biology 14, 1893-1897, do0i:10.1111/j.1523-
1739.2000.99432.x.

3. Follain, G., Mercier, L., Osmani, N., Harlepp, S. & Goetz, J. G.
(2017) Seeing is believing — multi-scale spatio-temporal imaging
towards invivo cell biology. Journal of Cell Science 130, 23,
d0i:10.1242/jcs.189001.

4. Woods, R. J. & Tessier, M. B. (2010) Computational
glycoscience: characterizing the spatial and temporal properties of

Auctores Publishing LLC — Volume 3(3)-076 www.auctoresonline.org
ISSN: 2766-2314

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

Copy rights@ Wenfa Ng.

glycans and glycan—protein complexes. Current Opinion in
Structural Biology 20, 575-583.

Liu, Q. et al. (2018) Quantitative assessment of cell population
diversity in single-cell landscapes. PLOS Biology 16, e2006687,
doi: 10.1371/journal.pbio.2006687.

Llamosi, A. et al. (2016) What Population Reveals about
Individual Cell Identity: Single-Cell Parameter Estimation of
Models of Gene Expression in Yeast. PLOS Computational
Biology 12, €1004706, doi:10.1371/journal.pchi.1004706.
Kesner, A., Laforest, R., Otazo, R., Jennifer, K. & Pan, T. (2018)
Medical imaging data in the digital innovation age. Medical
Physics 45, e40-e52, doi:10.1002/mp.12794.

Feng, D., Whitehurst, C. E., Shan, D., Hill, J. D. & Yue, Y. G.
(2019) Single Cell Explorer, collaboration-driven tools to
leverage large-scale single cell RNA-seq data. BMC Genomics 20,
676, doi: 10.1186/s12864-019-6053-y.

Tsioris, K., Torres, A. J., Douce, T. B. & Love, J. C. (2014) A
New Toolbox for Assessing Single Cells. Annual Review of
Chemical and Biomolecular Engineering 5, 455-477, doi:
10.1146/annurev-chembioeng-060713-035958.

Dueck, H., Eberwine, J. & Kim, J. (2016) Variation is function:
Avre single cell differences functionally important? BioEssays 38,
172-180, doi:10.1002/bies.201500124.

Dal Molin, A. & Di Camillo, B. (2019) How to design a single-
cell RNA-sequencing experiment: pitfalls, challenges and
perspectives. Briefings in Bioinformatics 20, 1384-1394,
doi:10.1093/bib/bby007.

Lahnemann, D. et al. (2020) Eleven grand challenges in single-
cell data science. Genome Biology 21, 31, doi: 10.1186/s13059-
020-1926-6.

Bacher, R. & Kendziorski, C. (2016) Design and computational
analysis of single-cell RNAsequencing experiments. Genome
Biology 17, 63, doi: 10.1186/s13059-016-0927-y.

Ratcliff, W. C., Denison, R. F., Borrello, M. & Travisano, M.
(2012) Experimental evolution of multicellularity. Proceedings of
the  National Academy of Sciences 109, 1595,
d0i:10.1073/pnas.1115323109.

Bich, L., Pradeu, T. & Moreau, J.-F. (2019) Understanding
Multicellularity: The Functional Organization of the Intercellular
Space. Frontiers in Physiology 10,
doi:10.3389/fphys.2019.01170/

Grosberg, R. K. & Strathmann, R. R. (2018) The Evolution of
Multicellularity: A Minor Major Transition? Annual Review of
Ecology, Evolution, and  Systematics 38, 621654,
doi:10.1146/annurev.ecolsys.36.102403.114735.

Hodzic, E. (2016) Single-cell analysis: Advances and future
perspectives. Bosnian Journal of Basic Medical Sciences 16, 313-
314, doi:10.17305/bjbms.2016.1371.

Ranzoni, A. M. & Cvejic, A. (2018) Single-cell biology: resolving
biological complexity, one cell at a time. Development 145,
dev163972, doi:10.1242/dev.163972.

Xiao, Z., Dai, Z. & Locasale, J. W. (2019) Metabolic landscape of
the tumor microenvironment at single cell resolution. Nature
Communications 10, 3763, doi: 10.1038/541467-019-11738-0.
Saurty-Seerunghen, M. S. et al. (2019) Capture at the single cell
level of metabolic modules distinguishing aggressive and indolent
glioblastoma cells. Acta Neuropathologica Communications 7,
155, doi: 10.1186/540478-019-0819-y.

Oikawa, A. & Saito, K. (2012) Metabolite analyses of single cells.
The Plant  Journal 70, 3038, d0i:10.1111/j.1365-
313X.2012.04967 .x.

Rajagopal, V., Holmes, W. R. & Lee, P. V. S. (2018)
Computational modeling of single-cell mechanics and

Page 3 of 4


https://pubmed.ncbi.nlm.nih.gov/31000488/
https://pubmed.ncbi.nlm.nih.gov/31000488/
https://pubmed.ncbi.nlm.nih.gov/31000488/
https://conbio.onlinelibrary.wiley.com/doi/pdfdirect/10.1111/j.1523-1739.2000.99432.x
https://conbio.onlinelibrary.wiley.com/doi/pdfdirect/10.1111/j.1523-1739.2000.99432.x
https://conbio.onlinelibrary.wiley.com/doi/pdfdirect/10.1111/j.1523-1739.2000.99432.x
https://conbio.onlinelibrary.wiley.com/doi/pdfdirect/10.1111/j.1523-1739.2000.99432.x
https://pubmed.ncbi.nlm.nih.gov/27505891/
https://pubmed.ncbi.nlm.nih.gov/27505891/
https://pubmed.ncbi.nlm.nih.gov/27505891/
https://pubmed.ncbi.nlm.nih.gov/27505891/
https://pubmed.ncbi.nlm.nih.gov/20708922/
https://pubmed.ncbi.nlm.nih.gov/20708922/
https://pubmed.ncbi.nlm.nih.gov/20708922/
https://pubmed.ncbi.nlm.nih.gov/20708922/
https://pubmed.ncbi.nlm.nih.gov/30346945/
https://pubmed.ncbi.nlm.nih.gov/30346945/
https://pubmed.ncbi.nlm.nih.gov/30346945/
https://pubmed.ncbi.nlm.nih.gov/26859137/
https://pubmed.ncbi.nlm.nih.gov/26859137/
https://pubmed.ncbi.nlm.nih.gov/26859137/
https://pubmed.ncbi.nlm.nih.gov/26859137/
https://pubmed.ncbi.nlm.nih.gov/29405298/
https://pubmed.ncbi.nlm.nih.gov/29405298/
https://pubmed.ncbi.nlm.nih.gov/29405298/
https://bmcgenomics.biomedcentral.com/articles/10.1186/s12864-019-6053-y
https://bmcgenomics.biomedcentral.com/articles/10.1186/s12864-019-6053-y
https://bmcgenomics.biomedcentral.com/articles/10.1186/s12864-019-6053-y
https://bmcgenomics.biomedcentral.com/articles/10.1186/s12864-019-6053-y
https://pubmed.ncbi.nlm.nih.gov/24910919/
https://pubmed.ncbi.nlm.nih.gov/24910919/
https://pubmed.ncbi.nlm.nih.gov/24910919/
https://pubmed.ncbi.nlm.nih.gov/24910919/
https://pubmed.ncbi.nlm.nih.gov/26625861/
https://pubmed.ncbi.nlm.nih.gov/26625861/
https://pubmed.ncbi.nlm.nih.gov/26625861/
https://pubmed.ncbi.nlm.nih.gov/29394315/
https://pubmed.ncbi.nlm.nih.gov/29394315/
https://pubmed.ncbi.nlm.nih.gov/29394315/
https://pubmed.ncbi.nlm.nih.gov/29394315/
https://pubmed.ncbi.nlm.nih.gov/32033589/
https://pubmed.ncbi.nlm.nih.gov/32033589/
https://pubmed.ncbi.nlm.nih.gov/32033589/
https://pubmed.ncbi.nlm.nih.gov/27052890/
https://pubmed.ncbi.nlm.nih.gov/27052890/
https://pubmed.ncbi.nlm.nih.gov/27052890/
https://pubmed.ncbi.nlm.nih.gov/22307617/
https://pubmed.ncbi.nlm.nih.gov/22307617/
https://pubmed.ncbi.nlm.nih.gov/22307617/
https://pubmed.ncbi.nlm.nih.gov/22307617/
https://pubmed.ncbi.nlm.nih.gov/31620013/
https://pubmed.ncbi.nlm.nih.gov/31620013/
https://pubmed.ncbi.nlm.nih.gov/31620013/
https://pubmed.ncbi.nlm.nih.gov/31620013/
https://www.annualreviews.org/doi/abs/10.1146/annurev.ecolsys.36.102403.114735
https://www.annualreviews.org/doi/abs/10.1146/annurev.ecolsys.36.102403.114735
https://www.annualreviews.org/doi/abs/10.1146/annurev.ecolsys.36.102403.114735
https://www.annualreviews.org/doi/abs/10.1146/annurev.ecolsys.36.102403.114735
https://pubmed.ncbi.nlm.nih.gov/27320288/
https://pubmed.ncbi.nlm.nih.gov/27320288/
https://pubmed.ncbi.nlm.nih.gov/27320288/
https://pubmed.ncbi.nlm.nih.gov/29986899/
https://pubmed.ncbi.nlm.nih.gov/29986899/
https://pubmed.ncbi.nlm.nih.gov/29986899/
https://www.nature.com/articles/s41467-019-11738-0
https://www.nature.com/articles/s41467-019-11738-0
https://www.nature.com/articles/s41467-019-11738-0
https://pubmed.ncbi.nlm.nih.gov/31619292/
https://pubmed.ncbi.nlm.nih.gov/31619292/
https://pubmed.ncbi.nlm.nih.gov/31619292/
https://pubmed.ncbi.nlm.nih.gov/31619292/
https://pubmed.ncbi.nlm.nih.gov/22449041/
https://pubmed.ncbi.nlm.nih.gov/22449041/
https://pubmed.ncbi.nlm.nih.gov/22449041/
https://pubmed.ncbi.nlm.nih.gov/29195023/
https://pubmed.ncbi.nlm.nih.gov/29195023/

J. Biotechnology and Bioprocessing

cytoskeletal mechanobiology. WIREs Systems Biology and
Medicine 10, e1407, doi:10.1002/wsbm.1407.

23. Xiao, L. L., Liu, Y., Chen, S. & Fu, B. M. (2016) Numerical
simulation of a single cell passing through a narrow slit.
Biomechanics and Modeling in Mechanobiology 15, 1655-1667,
doi: 10.1007/s10237-016-0789-y.

24. Schluter, Daniela K., Ramis-Conde, |. & Chaplain, Mark A. J.
(2012) Computational Modeling of Single-Cell Migration: The
Leading Role of Extracellular Matrix Fibers. Biophysical Journal
103, 1141-1151, doi:10.1016/j.bpj.2012.07.048.

25. Karr, Jonathan R. et al. (2012) A Whole-Cell Computational
Model Predicts Phenotype from Genotype. Cell 150, 389-401.

26. Ohno, H., Naito, Y., Nakajima, H. & Tomita, M. (2008)
Construction of a Biological Tissue Model Based on a Single-Cell
Model: A Computer Simulation of Metabolic Heterogeneity in the

217.

28.

29.

30.

Copy rights@ Wenfa Ng.

Liver  Lobule.  Artificial Life 14, 3-28, doi:
10.1162/artl.2008.14.1.3.

Ghaffarizadeh, A., Heiland, R., Friedman, S. H., Mumenthaler, S.
M. & Macklin, P. (2018) PhysiCell: An open source physics-
based cell simulator for 3-D multicellular systems. PLOS
Computational Biology 14, €1005991, doi:
10.1371/journal.pchi.1005991.

Hughes, A. J. et al. (2014) Single-cell western blotting. Nature
Methods 11, 749-755, doi: 10.1038/nmeth.2992.

Kang, C.-C. et al. (2016) Single cell-resolution western blotting.
Nature Protocols 11, 15081530, doi: 10.1038/nprot.2016.089.
Kang, C.-C., Lin, J.-M. G., Xu, Z., Kumar, S. & Herr, A. E. (2014)
Single-Cell Western Blotting after Whole-Cell Imaging to Assess
Cancer Chemotherapeutic Response. Analytical Chemistry 86,
10429-10436, doi: 10.1021/ac502932t.

Ready to submit your research? Choose Auctores and benefit from:

. - . > fast, convenient online submission
® This work is licensed under Creative . . . . .

@ i Commons Attribution 4.0 License > rigorous peer review by experienced research in your field
> rapid publication on acceptance
> authors retain copyrights

To Submit Your Article Click Here: > unique DOI for all articles
> immediate, unrestricted online access

DOI: 10.31579/2766-2314/076 At Auctores, research is always in progress.

Learn more https://auctoresonline.org/journals/biotechnology-and-

bioprocessing

Auctores Publishing LLC — Volume 3(3)-076 www.auctoresonline.org
ISSN: 2766-2314

Page 4 of 4


https://pubmed.ncbi.nlm.nih.gov/29195023/
https://pubmed.ncbi.nlm.nih.gov/29195023/
https://pubmed.ncbi.nlm.nih.gov/27080221/
https://pubmed.ncbi.nlm.nih.gov/27080221/
https://pubmed.ncbi.nlm.nih.gov/27080221/
https://pubmed.ncbi.nlm.nih.gov/27080221/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3446673/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3446673/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3446673/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3446673/
https://pubmed.ncbi.nlm.nih.gov/22817898/
https://pubmed.ncbi.nlm.nih.gov/22817898/
https://pubmed.ncbi.nlm.nih.gov/18171128/
https://pubmed.ncbi.nlm.nih.gov/18171128/
https://pubmed.ncbi.nlm.nih.gov/18171128/
https://pubmed.ncbi.nlm.nih.gov/18171128/
https://pubmed.ncbi.nlm.nih.gov/18171128/
https://pubmed.ncbi.nlm.nih.gov/29474446/
https://pubmed.ncbi.nlm.nih.gov/29474446/
https://pubmed.ncbi.nlm.nih.gov/29474446/
https://pubmed.ncbi.nlm.nih.gov/29474446/
https://pubmed.ncbi.nlm.nih.gov/29474446/
https://www.nature.com/articles/nmeth.2992
https://www.nature.com/articles/nmeth.2992
https://www.nature.com/articles/nprot.2016.089
https://www.nature.com/articles/nprot.2016.089
https://pubmed.ncbi.nlm.nih.gov/25226230/
https://pubmed.ncbi.nlm.nih.gov/25226230/
https://pubmed.ncbi.nlm.nih.gov/25226230/
https://pubmed.ncbi.nlm.nih.gov/25226230/
file:///C:/C/Users/web/AppData/Local/Adobe/InDesign/Version%2010.0/en_US/Caches/InDesign%20ClipboardScrap1.pdf
https://www.auctoresonline.org/submit-manuscript?e=78

