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¢ Abstract

There are several statistics that may be calculated to characterize
a cellular proliferation experiment. By far, the most commonly-
reported statistic is the percent of cells in the final culture that
have divided; however, this statistic has significant limitations.
Other statistics provided by software modeling provide a much
richer characterization of the biological response; however, their
use also comes with caveats. Here, I discuss the practical appli-
cation of these statistics, including their limitations and interde-
pendencies, using hypothetical data. The goal of this perspective
is to prevent the blind reliance or overly optimistic (“pan-
glossian”) interpretation of the statistics generated by software,
so that researchers and reviewers have a more-informed basis
for drawing conclusions from the data. Published 2011 Wiley-
Liss, Inc.t

e Key terms
CFSE; mathematical modeling; precursor frequency; cell
division

AN important assessment of cellular function, particularly in
immunology, is the proliferative capacity of cells under differ-
ent conditions. A flow cytometric assay based on the dilution
of carboxy fluorescein diacetate succinimidyl ester (CFSE, also
known as CFDA-SE) fluorescence during culture has become
the standard for this purpose (1); when done well, analysts
can enumerate cells that have divided as well as quantifying
how many divisions each cell has undergone (2—4). The basic
principle is well-described, and relies on the two-fold dilution
of fluorescence accompanying each cellular division as the
fluorescently-tagged cellular proteins are allocated equally to
each daughter cell.
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Prior to the introduction of this assay, there were two
dominant methods for quantifying proliferation: cell counting
and *H-thymidine (*H-T) uptake. Cell counting provides an
assessment of the total expansion of the culture (i.e., how
many cells are present at termination compared to initiation);
H-T provides an assessment of how many cells were in cell
cycle during the pulse phase (usually the last few hours prior
to termination). Neither assay could be used to determine the
precursor frequency (i.e., what fraction of original cells ever
underwent division) nor the distribution of the number of
divisions that responding cells underwent. Both of these values
have biological relevance.

The introduction of the CFSE assay provided
researches with the ability to derive those values, and, with
sophisticated mathematical models, estimate values such as
death rates, change in proliferation rates over time, and
more (5-7). When good staining techniques are used, the
CFSE assay can be used to separately quantify the number
of cells in the culture that have not divided vs. those that
have divided a specified number of times. In general, the
limit on the number of resolvable generations is about 8;
this is governed by two limitations. First, there is a limit to
how brightly-stained the original population can be; seven
divisions results in cells that have 1/128th (<1%) of this flu-
orescence, which may not be much above autofluorescence.
Second, the ability to resolve generations depends on the
CV of each fluorescent peak (CVH); often, as divisions
increase, the CV" may increase, leading to a “smearing” of
the populations in higher generations.
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Table 1. List of common statistics used to characterize proliferation assays

VALUE RANGE
STATISTIC* TYPE®  FORMULA® MIN  MAX INTERPRETATION
Fraction diluted Ext Dil = M 0 19 Fraction of cells in the final culture that divided
Z‘_’ N at least once
Precursor frequency, %dividing cells® Int ~ PF = & % 0 1 Probability that a cell will divide at least once

027
i
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Proliferation index®; expansion index® Ext 128"  Fold expansion during culture (ratio of final cell count

to starting cell count)

N_}
02!

]
=z

Division index’; replication index® Ext RI 128" For responding cells, fold expansion over

the culture time

PN
120

i N;
Proliferation index® Int PI= 2 ; XNZ‘ 1 7" For responding cells, average number of divisions they

N
= have undergone

L ix
Division index® Ext DI= Z‘)l = 0 7" Average number of divisions for all cells in the culture
02"
Proliferation variance® Int SDP° =o(PI)' 0 7" Standard deviation of the number of divisions (PI)

4All statistics except ““Fraction Diluted”’ require modeling to estimate the fraction of cells in each generation. Names given by different
software packages are shown.
bType of value: Ext = extrinsic, dependent on the frequency of responding cells and culture time; Int = intrinsic, a property of individual
cells.
‘In the formulas, iis the generation number (0 is the undivided population), and N;is the number of events in generation i.
Values above 0.6 (60%) may not be comparable (see Fig. 3).
“As defined in ModFit.
fAs defined in FCSExpress.
5As defined in FlowJo.
In general, modeling of CFSE data is usually not valid for cells beyond the 7th division, thereby limiting the maximum reliable values
for the Index statistics.
'SDP is computed as the standard deviation on the distribution of number of cell divisions for responding cells in the original population.

Statistical Analysis of CFSE Distributions defines what fraction of the original population divided at
Table 1 lists a number of easily-calculable statistics to least once during the culture period. For example, when sti-
characterize CFSE distributions; some confusion arises from mulating bulk T cells with antigen, PF is the proportion of T
the same name having been given to distinct statistics by cells that are antigen-specific and respond by proliferating.
various software packages. Thus, authors should be careful A statistic termed proliferation index (ModFit, FCS
to clarify which statistic they are reporting. Figure 1 and Express) or expansion index (FlowJo), EI, determines the
Table 2 show values for these statistics for hypothetical fold-expansion of the overall culture. For example, if one
CFSE distributions.! All figures and analyses in this article million cells were stimulated, and FI is 3.0, then the result-
are based on hypothetical data generated for illustrative ing cell count at the end of the culture is three million. This
purposes. statistic is therefore identical to that obtained by manual
The most commonly reported statistic is the percent of cell counting.
cells in the final population that have divided (Dil). This is A fourth metric, termed division index (FCSExpress) or
easily computed by creating a univariate gate on the CFSE dis- replication index (Flow]Jo), RI, determines the fold-expansion
tribution, including all events below the undivided peak (Gen- of only the responding cells. This reports the expansion cap-
eration 0). ability of the replicating cells rather than for the entire culture
Perhaps the most important of the other statistics is the (which is EI), and is predicted to be closely related to a *H-T
precursor frequency (PF), or percent dividing cells. This assay of the culture.

"Hypothetical distributions were generated by simulation using a script vided population, and background (autofluorescence). For most simula-
for JMP version 8 (SAS Institute, Cary, NC). Inputs to the script include tions, the background and CV* were held constant across all generations.
precursor frequency, average number of divisions for responding cells, var- In general, simulations generated 10° to 10° events each; statistics were cal-
iance on the number of divisions (SD"), variance on the fluorescence dis- culated on the generated events using formulas in Table 1. Distributions
tribution within each generation (CV*), mean fluorescence of the undi- were also graphed using JMP. The script is freely available from the author.
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Figure 1. Effect of culture time, precursor frequency, and division variance on proliferation distributions. (A) Shown are hypothetical CFSE
distributions for cell cultures, in which the precursor frequency (PF) ranges from 20% (top) to 2.5% (bottom), and the average number of
divisions that a responding cell has undergone (Pl) increases from 3 (top) to 6 (bottom), as might happen with longer culture times. Grey
numbers indicate the generation number. (B) Hypothetical CFSE distributions for cell cultures, for which PF is 30% and Pl is 2. The distribu-
tion of the number of divisions for cells in the starting population is shown in each inset; the variance on this distribution (SDP) increases
from =1 (top) to =2 (bottom). The inset shows the fraction of cells that undergo one to six divisions (in each case, 70% undergo no divi-
sions); the percentage of cells that undergo only one division is shown above the right most bar. Notice how the CFSE distribution (distri-
bution of divided cells) looks completely different than the distribution of precursor cells. Very few cells in the starting population undergo
more than four divisions (insets), but these rare cells are highly disproportionately represented in the CFSE distribution. For this reason, it
is impossible to estimate visually that the average precursor only underwent two divisions in these distributions.

These four statistics are related by the following equations:
1—PF

El =
1 —Dil

Ry = FLX Dil (1—PF) X Dil
~  PF  (1-Dil) X PF

Since both EI and RI can be expressed in terms of Dil and
PE, they do not provide independent information; among
these four variables are two independent values.

Two additional statistics are computed by FlowJo. Flow-
Jo’s proliferation index, PI, is the average number of divisions
that all responding cells have undergone since the initiation of
the culture. This statistic reflects the proliferative capacity of
responding cells. FlowJo’s division index, DI, is the average
number of divisions for all cells in the original culture (i.e.,
averaging in zeros for all non-dividing cells). These two values
are related by the formula:

DI =PI X PF

Thus, the three values only provide two independent pi-
ece of information. Notably, the information provided by PI is
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Table 2. Example CFSE modeling statistics

PF (%) PI DI DIL (%) EI RI spP
Culture time (no. of divisions)

10 2 0.2 30.8 1.3 4 0
10 4 0.4 64.0 2.5 16 0
10 6 0.6 87.7 7.3 32 0
Interaction of variables—Figure 1A

2.5 6 0.15 68.8 3.12 83.4 1
5 5 0.25 68.7 3.03 41.6 1
10 4 0.4 69.2 2.93 20.6 1
20 3 0.6 69.2 2.86 10.3 1
Variance of division capacity—Figure 1B

30 2.0 0.61 68.3 2.21 5.3 1
30 2.0 0.59 71.4 2.45 7.2 1.5
30 2.0 0.60 76.7 3.00 10.8 2

Notes: The first set of conditions illustrates the relationship of the
statistics to a hypothetical culture that was allowed to go for
enough time to support 2, 4, or 6 divisions. The other two sets
correspond to hypothetical cultures discussed in Figure 1. Inputs
to the simulation were the precursor frequency, the average
number of divisions a cell in the starting population was to, and
the variance on the number of divisions (SDP). The four statistics,
Pl, DI, Dil, El, and Rl were computed from the output of the simula-
tion, which generated a sample distribution of 10° or 106 cells.
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independent from Dil and PF (and thus independent from EI
and RI).

Finally, another parameter may be useful to report, which
is equal to the variance of PI and termed SDP. It defines how
much variability there is in the proliferative capacity of cells in
the starting culture. For example, a proliferating population
with an SD® of zero would have all dividing cells in a single di-
vision peak (with or without undivided cells present); as the
SD increases, progeny would be spread out through more
and more division peaks. It is more difficult to assign a direct
biological meaning to this parameter, and therefore perhaps
less useful to report on a routine basis. It can be thought of as
a measure of how tightly-regulated the proliferation process
was, after the responding cells were stimulated.

Of these statistics, Dil, EI, DI and RI are extrinsic (i.e.,
depend on the number of cells that proliferate and culture
time). On the other hand, PE, PI, and SD® are intrinsic, and
reflect pre-programmed biological properties of the individual
responding cells (Table 1).

In summary, among the distribution statistics listed in
Table 1, there are as many as four independent values that can
be used to characterize cellular proliferation data. These
include two of the values from [Dil, PF, EI, RI], one of the
values from [P, DI], and SD. Each of these statistics is asso-
ciated with an underlying biological process; thus, deciding
which to report (if not all) should be done with the intent to
best convey the scientific conclusions.

Limitations on Proliferation Statistics

Software packages usually use standard nonlinear least-
squares modeling to estimate values for these statistics. The
use, optimization, and limits of such modeling are not dis-
cussed here; this article is focused on the limitations and
applicability of the statistics themselves.

Computation of all of statistics except Dil requires the
ability to accurately enumerate cells in each generation. This is
true whether the enumeration of the cells is performed manu-
ally (by gating on each peak), or by software modeling. If dis-
tinct peaks cannot be defined, then such enumeration is less
likely to give robust, reliable measures, and the only statistic
that should be used is Dil. Typically, if the CV" of the cells
within a generation is more than 40%, generational modeling
may be difficult. In such a case, modeling requires an unsti-
mulated control (to estimate the CV* and the position of the
undivided peak), with the assumption that these two variables
do not differ from the stimulated population, and the assump-
tion that each subsequent division has exactly half the fluores-
cence of the previous generation (e.g., no loss of fluorescence
due to other factors); an example of such modeling is given by
Bantly et al. (8). With a small CV?, these assumptions are
unnecessary as the model can estimate the variables directly
from the data. A small CV" can usually be achieved with care-
ful staining technique.

These statistics are usually used to convey the degree of
proliferation that has occurred in a culture. However, care
must be taken in how they are interpreted. This comes about
from the exponential nature of proliferation: a single cell that
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divides six times results in 64 cells in the final culture, whereas
16 cells that divide twice also result in 64 cells. Thus, visual
interpretation of CFSE histograms is often highly suspect: for
these two examples, there are equal-sized peaks to the left of
the undivided population; however, the underlying biology is
completely different.

Consider the distributions in Figure 1A. These four con-
ditions represent a range of biological conditions: precursor
frequencies between 2.5 and 20%, and average divisions
between 3 and 6. These distributions illustrate the limitations
of Dil and EI statistics: both remain the same across this wide
range of proliferative responses. Hence, comparison of these
statistics for different cultures should be done while also com-
paring PE, PI, DI, or RI—only if these latter statistics are also
matched between cultures could a conclusion of biological
similarity be drawn.

The distributions in Figure 1B reveal limitations on PI
and DI. In these hypothetical cultures, a 30% precursor popu-
lation is responding by dividing, on average, twice. However,
the variance on distribution of divisions (SDP) differs; this
could be interpreted that the cultures with smaller SD” have
more tightly-regulated control over how many times a cell
divides. Across these three distributions, the values for PI and
DI are the same. However, the cultures end up with different
numbers of cells (as reflected by EI). The reason for this is that
the culture with greater variance has a greater proportion of
cells that have divided once, but also a greater proportion cells
that have divided (e.g., four or five times). Because of the ex-
ponential effect of proliferation, those more-highly dividing
cells contribute far more to the final culture, resulting in a
greater apparent expansion. It remains to the researcher to
define whether or not this is biologically relevant: i.e., while
the cultures have the same proportionate response (PF) and,
on average, the same proliferative response in terms of divi-
sions (PI), they have a distinct overall proliferative response
(EI).

The reliability of all of the statistics except Dil depend on
the accuracy with which cells within each generation can be
enumerated. As shown in Figure 2, two variables affect this:
the relative staining intensity and variance. The intensity of
the undivided population (compared to the autofluorescence
background) determines how many generations can be identi-
fied. Once the diluted fluorescence overlaps with autofluores-
cence, no further divisions can be distinguished and the ability
to quantify further divisions is eliminated. (It should be noted
that, for the purposes of calculating the statistics, far more in-
formation is derived from the earlier generations than from
later. Thus, distributions with reasonable proportions of
events in the lower-numbered generations will still generate
values that are reasonable estimates. However, as the signifi-
cant majority of cells enter the low end of the fluorescence dis-
tribution near background, the metrics increase asymptotically
to their maximum values.)

The staining variance (CV") also impacts the ability to
resolve generations (Fig. 2B). Here, modeling of cell numbers
in each division could be performed by making assumptions
as to the position of each generation—but the error in these

Interpreting Cellular Proliferation Data
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Figure 2. Effect of staining intensity and variance on distributions. (A) Hypothetical distributions were generated for a 20% precursor fre-
quency (PF), undergoing 3 = 2 (Pl = SDP) divisions. The effect of weaker staining (or, equivalently, higher autofluorescence background) is
illustrated. In the top graphic, the autofluorescence (AF) is modeled as 3% of the fluorescence of the undivided population; sensitivity is
increased 3-fold and 10-fold for the other two distributions. The ability to resolve the higher generations disappears as the diluted CFSE
fluorescence becomes invisible against the autofluorescence background. Grey numbers indicate to the generation number. (B) Similar
distributions as in (A), but with increasing variance of the fluorescence distribution (CVF). Resolution of generations becomes impossible
as CVF increases to the point where adjacent generations overlap significantly.

estimations will reduce precision in the statistics. It is difficult
to assess the accuracy of models under conditions where the
staining variance is large, and therefore difficult to determine
the accuracy of the reported statistics. Certainly, care must be
taken when interpreting any statistics (other than Dil) based
on such data.

For pragmatic reasons, Dil is the most-commonly
reported statistic, and in some case is the only statistic that
can be reliably computed (e.g., Fig. 2). However, Dil conveys a
limited amount of information. Dil is perforce limited to 1
(100%) as a maximum value. As its value rises above 60%, the
ability to distinguish biological variation becomes far more
difficult. As shown in Figure 3, Dil rises quickly with the num-
ber of divisions (PI) and linearly with the precursor frequency
(PE), up to about 50%. After this, however, it asymptotically
rises toward 100%, with the result that fairly large deviations
in divisions or precursor frequency become difficult to resolve
in the face of experimental error. As such, comparison of dis-
tributions with Dil values above 60% should be done with
caution.

Impact of Cell Death and More Complex Analyses

The simple modeling described above makes a major
assumption: there is no cell death occurring during the culture.
Differential death of cells depending on their stimulation his-
tory can significantly impact the interpretation of the prolifera-
tion statistics. Quantifying cell death is straightforward, but
requires absolute cell counts at the time of analysis (C) and at
the initiation of the culture (C;). Assuming equal cell death

Cytometry Part A o 79A: 95—101, 2011

across all generations, the fraction of cells that have died (D) is
given by these counts and the expansion index (EI):

D=1 7(:
T Gy X H

Nonzero values of D are indicative of unaccounted for
cell death and may impact the accuracy of the estimation of
statistics such as those in Table 1. Graphical methods have
been employed to estimate cell death for proliferation studies,
to achieve more accurate estimates of division capacity (9); if
the data reveals substantial cell death, consideration to appli-
cation of more sophisticated analyses should be given.

Several papers have been published that propose and
compare more sophisticated modeling of CFSE distribution
data. From such models, one can estimate additional parame-
ters such as the lag time before initiation of division, cycling
time, individual deaths rate for each generation, and other pa-
rameters (5-7). Fundamentally, these models all require accu-
rate estimation of the representation of cells in each genera-
tion, as do the statistics shown in Table 1; in some cases analy-
ses of the culture over time must be performed. Analysis of
the more sophisticated models is beyond the scope of this per-
spective; researchers should qualify any such models within
the scope of their own data using standard approaches.

Qualifying Statistical Analyses for Comparison of
Distributions

The discussions above are meant to guide interpretation
of CFSE statistical analyses, and are not meant to replace rig-
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Figure 3. Interdependence of proliferation statistics. (Left panels). Hypothetical distributions were generated using a 20% precursor fre-
quency (PF) with a range of average divisions (Pl); for each, a SD® +1 division was used. El is related exponentially to the number of divi-
sions; Dil is non-linearly related. (Right panels). Hypothetical distributions were generated for responding cells undergoing 5 = 1 (Pl +
SDP) divisions, with a range of precursor frequencies. El is linearly related to precursor frequency over this range; Dil saturates quickly

with increasing precursor frequency.

orous qualification of assays in the lab. Any of the statistics
shown in Table 1 can be used for the purposes of comparing
proliferative responses between samples. It is the responsibility
of the researcher to establish, within the context of their speci-
fic protocols and conditions, what the reproducibility, sensi-
tivity, precision, linearity (if applicable), robustness, and other
performance characteristics of the particular statistic may be.

Dil remains the most commonly reported statistic in the
literature. The primary limitation of this metric is that it con-
veys a limited amount of information, and it becomes signifi-
cantly less informative at values above 60%. In many experi-
ments, such as monitoring lymphocyte proliferation, cells
divide very rapidly (the cycle time can be as little as 12 h).
Thus, small experimental variability can lead to fairly large
variance in actual cycle time during the culture—which itself
can lead to exponentially increased variability in some com-
puted statistics such as EI and (at lower values) Dil. Qualifica-
tion of the assay in-house can assure both the researcher and
the reviewers that reported differences in CFSE-measured pro-
liferation assays are indeed due to biological variation rather
than experimental error; for publications reporting only Dil, it
is incumbent on the authors to demonstrate reproducibility,
sensitivity, and precision.

Once the reproducibility (variance) for CFSE statistics
have been established, it is possible to compare these values
between culture conditions. Standard statistical comparisons
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(e.g., Wilcoxon Rank or Student’s f tests) can be used to infer
differences. When comparing between test and control cul-
tures, the difference or ratio of these statistics can be consid-
ered as a metric. Note that some of the statistics have a mini-
mum value of 1, while others have a minimum value of 0;
Munson’s recent report (10) defines different comparison for-
mulas to be used depending on this minimum.

SUMMARY

CFSE-based proliferative assays provide a rich amount of
information to characterize the response and subsequent
expansion capacity of cell cultures. However, the exponential
expansion leads to an inability to infer the actual amount of
proliferation that has occurred without careful application of
the proper algorithms and statistics. In particular, visual repre-
sentation of the distributions should not be used solely to con-
vey relative proliferative capacity. Singular use of the “%
diluted” statistic, easily derived by gating on the CFSE distri-
bution, must be approached with great caution. There are a
variety of statistical analyses that can be applied to such data;
different types of statistics can reveal different underlying bio-
logical mechanisms. In any case, care must be taken to ensure
that assays and analyses are performed in a rigorous, repro-
ducible fashion, and publications of these types of analyses should
indicate the degree to which the assays have been qualified.

Interpreting Cellular Proliferation Data
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