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The accurate identification of rare antigen-specific cytokine positive cells from peripheral blood
mononuclear cells (PBMC) after antigenic stimulation in an intracellular staining (ICS) flow
cytometry assay is challenging, as cytokine positive events may be fairly diffusely distributed and
lack an obvious separation from the negative population. Traditionally, the approach by flow
operators has been to manually set a positivity threshold to partition events into cytokine-positive
and cytokine-negative. This approach suffers from subjectivity and inconsistency across different
flow operators. The use of statistical clustering methods does not remove the need to find an
objective threshold between between positive and negative events since consistent identification
of rare event subsets is highly challenging for automated algorithms, especially when there is
distributional overlap between the positive and negative events (“smear”). We present a new
approach, based on the F; measure, that is similar to manual thresholding in providing a hard
cutoff, but has the advantage of being determined objectively. The performance of this algorithm
is compared with results obtained by expert visual gating. Several ICS data sets from the External
Quality Assurance Program Oversight Laboratory (EQAPOL) proficiency program were used to
make the comparisons. We first show that visually determined thresholds are difficult to
reproduce and pose a problem when comparing results across operators or laboratories, as well as
problems that occur with the use of commonly employed clustering algorithms. In contrast, a
single parameterization for the Fs method performs consistently across different centers, samples,
and instruments because it optimizes the precision/recall tradeoff by using both negative and
positive controls.

Keywords:

ICS

Standardization
Reproducibility
Rare events
Positivity
Automated analysis

© 2014 Elsevier B.V. All rights reserved.

1. Introduction requirement in many flow cytometry (FCM) applications,

particularly in the case when positive and negative populations
overlap (Maecker and Trotter, 2006). In the context of HIV
monitoring, intracellular staining (ICS) assays are often
employed to track functionally active antigen-specific cells that
may be exceedingly rare. The current practice in most laborato-

The classification of events as positive and negative based on
the setting of a threshold has traditionally been a fundamental
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ries is to set a positivity threshold for each effector function (e.g.
cytokine expression) by visual comparison of negative and test/
positive control data, designating events that fall above the
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threshold as positive. However, there is no objective method for
threshold determination in the FCM community and this
represents a roadblock to harmonizing ICS analyses across
laboratories (Maecker et al, 2005, 2010). Visual threshold
determination is problematic due to its subjectivity, but also
because there is poor scalability to large panels.

There is sometimes substantive overlap between the
positively and negatively stimulated samples in terms of target
cell subsets and it becomes necessary to either set a threshold
based on expert opinion or ‘tune’ the algorithm or model to
enable discovery of the rare events in the case of automated
methods. A number of potentially viable methods to detect rare
events are available through the use of clustering (Finak et al.,
2009; Hahne et al., 2009; Lo et al., 2009; Pyne et al., 2009; Cron et
al., 2013). An important initiative called FlowCAP (Aghaeepour
et al,, 2013) exists to critically evaluate the numerous methods
available for automated analysis in flow cytometry. If the target
population is reasonably separable from the negative events
then the use of automated methods like clustering is ideal and it
eliminates the need to find a threshold. The main issue with
clustering methods and model-based methods in general is that
of data masking, where the target population is identified as
events in the tail of the negative event population rather than as
a separate population. These clustering methods are also
unsupervised which creates the additional challenge of labeling
clusters as positive — in this case, the availability of an objective
threshold can be helpful in separating positive from negative
clusters.

The method we propose here provides an objective means
of separating biologically meaningful categories of events that
are difficult to consistently resolve with clustering. Our method
essentially sets a threshold by optimizing the precision-recall
trade-off through the use of both positive and negative controls
(Calvelli et al., 1993; Nicholson et al, 1996) as the use of
negative controls alone cannot control for false discoveries. This
approach to the automatic assignment of thresholds is
one-dimensional. However, the F-score threshold can serve as
a generator for methods that combine univariate thresholds to
identify high-dimensional cell subsets (Roederer et al.,, 2011;
Aghaeepour et al.,, 2012) or as a filter for events of interest
before further exploratory analysis with unsupervised algo-
rithms (Qiu et al., 2011).

In this work, we first illustrate common scenarios where
thresholding methods based on negative controls alone perform
poorly. Then we compare several commonly employed cluster-
ing algorithms and discuss each method's suitability in the
context of rare event detection. Finally, we compare Fs
thresholds to expert visual gating, optimized using back-gating,
by making use of data from the multi-center proficiency study,
EQAPOL.

2. Methods
2.1. Data sets

Two 11-color data sets (11C-EQAPOL-1, 11C-EQAPOL-2)
with explicit positive (SEB) stimulations were used in this study
as well as a 4-color data set (4C-EQAPOL) without an explicit
positively stimulated control. Negative controls for the 11-color
data included co-stimulatory monoclonal antibodies (mAbs)
anti-CD28 and anti-CD49d together with both Brefeldin A (BRF)

and monensin, while the negative control for the 4C-EQAPOL
panel used only dimethylsulfoxide (DMSO) (no Costim) and
BRF. The 11C-EQAPOL-1 data were used to demonstrate the
difficulties encountered with an endogenous background
response, where the 11C-EQAPOL-2 data provided a data set
with a more typical response. All three panels were developed
as part of the External Quality Assurance Program Oversight
Laboratory (EQAPOL) proficiency program. The lymphocyte
subsets for these three data sets are available through http://
duke.edu/~ccc14/papers/fscore.

2.2. Sample preparation and ICS assay

Normal human donors were leukapheresed in accordance
with Duke University's Institutional Review Board and in-
formed consent was obtained prior to sample collection (Jaimes
etal, 2011). Sample preparation and staining were performed
as previously described for the 4-color (Jaimes et al., 2011) and
11-color ICS assays (Ottinger et al., 2008; Snyder et al., 2011).

2.3. Manual gating

Gating for each data set was performed by highly trained
operators in accordance with our established standard operat-
ing procedure and the process included extensive back-gating
to both maximize signal and minimize noise. Uniform gates
were applied within each donor. In Section 3.2 the manual
gates and thresholds (see Fig. 2) from two independent experts
were used to infer a range for the value of 3, the principal
tunable parameter in the F; method. In Fig. 3, manual gates and
thresholds from two independent labs who participated in the
EQAPOL 4-color ICS EP1 Program were used.

2.4. Automated analyses

All automated data analyses were carried out using the
Python programming language (http://python.org). In addition,
all figures in this manuscript were produced using the Python
library matplotlib (Hunter, 2007). The basic subsets for all
samples were found by manual gating and exported from
Flowjo as FCS files. The subsets were then imported into the
Python environment using the Python package py-fcm (http://
code.google.com/p/py-fcm). The axis scaling for event plots that
used a biexponential transform was configured for visual clarity
(Parks et al., 2006). All plotted events use a biexponential
transformation unless otherwise stated with the biexponential
parameters (w = 0.5,D = 4.5,T = 262144). The calculation of
an Fg determined threshold is detailed in Section 3.1. The
parameters for the positivity thresholding method were
optimized in Section 3.2.

In Section 4.2, there are a number of clustering algorithms
that were applied to discover cytokine subsets. These methods
were realized through the use of py-fcm along with the
machine learning package scikit-learn (Pedregosa et al., 2011).
The parameters were tuned by hand using a basic grid search
approach. We also constrained each method to a single best set
of parameters that work for all three stimulations. We provide
in the supplemental materials (http://duke.edu/~ccc14/papers/
fscore) a description of these methods and all necessary code
required to reproduce the results and accompanying figure.
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3. Calculation
3.1. F-score as a tool to identify positivity thresholds

The F-score or F-measure (van Rijsbergen, 1979) is widely
used in information retrieval and statistics to measure the
accuracy of a test (Jensen et al., 2006). The F-score balances
precision and recall. Precision is defined as 5 and recall as
N, Where true positive (TP), false positive (FP), and false
negative (FN) events are defined with respect to a known
standard. In more general terms, precision summarizes the
relevancy of a subset of events classified as positive and recall
summarizes how many events we are missing. The traditional
F-score is simply the harmonic mean of precision and recall.
In the biomedical literature, precision is synonymous with
positive predictive value and recall is the same as sensitivity.
A more flexible variant of the F-score can be defined as

(precision x recall)
(B* x precision) -+ recall

Fp=(1+5) x (1)

In Eq. (1), increasing the value of 3 gives a larger weight
to recall; conversely decreasing the value of 3 gives a larger
weight to precision. In terms of the assay, large values of 3
will draw a threshold close to the ‘negative’ event population
and as smaller values of (3 are used, thresholds tend to move
away from the negative population. For a given value of 3, a
natural choice of threshold is the value that maximizes the Fg
function.

The calculation of precision and recall requires the binary
classification counts of the number of TP, FP, and FN events.
Since the correct classification of events is not available in
general, we use an empirical estimate of these values based on
a comparison of normalized histograms (probability density)
representing the negative and positive control samples (see
Fig. 1). The number of bins in the histogram is automatically
set to /N, where N is the largest event count from the positive
and negative files. In addition we transform the histogram

through the use of a sliding window smoothing function
(aperture = 10).

For any given threshold, we define the TP events to be from
the region to the right of the threshold where the positive
control distribution has a higher density than the negative
control distribution. FP events are in the area to the right as
well but come from the tail of the negative histogram. FN
events are the events in the negative histogram to the left of the
threshold where the positive control distribution has a higher
density than the negative control distribution. For clarity see
Fig. 1.

When there is little difference between the negative and
test sample distributions, random noise effects can result in
shifts in the F-score threshold. In practice, we are only
interested in the TP events where the density of the positive
control sample is significantly higher than the density of the
negative control sample, and not in small differences in regions
where the density of both samples is equivalent. We can
achieve this by modifying the definition of TP such that a region
is only considered TP if the density of the positive sample is
greater than 6 times the negative density, where 6 is a number
larger than 1. As such, we introduce a parameter, 0, that biases
the algorithm to detect differences only in regions where the
negative sample has a low density. The default value of 6 = 2.0
identifies regions where the positive sample density is at least
twice that of the negative sample, and is analogous to a
low-pass filter in signal processing.

3.2. Establishing parameters for ICS analysis

The 3 parameter establishes the desired level of weight
given to precision or recall and the positivity threshold is set
accordingly. Since the trade-off between precision and recall
depends on the experimental context and goal of the analysis,
there is no single default value of 3 that will work for all possible
analysis scenarios. For example, diagnostic and screening assays
will likely require different criteria for thresholding. However, it
is convenient to have a default value for (3 that can be used for
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Fig. 1. Specifying classification regions. The scatter plots of the first two panels are the fluorescent intensities for the gated events for TNF-. To specify the
classification regions needed for the F; method a negatively stimulated and a positively stimulated control are transformed into probability density functions
(pdfs) (see insets of the first two panels). The pdf for positive (SEB) and negative (BRF) samples are overlaid in the third panel, where frequency is on the y-axis.
The third plot expands the region shown in the inset. An arbitrary threshold is shown and events falling to the left and right of the threshold are classified as
negative and positive respectively. Because we assume that the negative and positive samples are representative of their true populations we can define true
positive, false positive, and false negative regions of event space. In the F; method a range of thresholds are searched until a threshold is found that optimizes the
desired precision-recall trade-off specified by 3. The CD3+CD8 + subset of 11C-EQAPOL-2 was used in this figure and the non-default parameters of 3 = 1.0 and

6 = 3.0 were used to ensure all regions were easily visible.
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ICS analysis. The top panels in Fig. 2 help illustrate how changes
in 3 affect threshold positioning. The bottom panels establish a
default range of values for 3 that generate thresholds similar
to experienced flow operators. This was done by reverse-
engineering of the values of 3 from carefully back-gated
thresholds set by expert operators at two centers (Duke and
NCI flow cores). For each donor in the analysis, we plotted the
percent of cytokines discovered via the F; method over a range
of values for 3 and given this line we extrapolated the
approximate value of 3 used by flow operators.

The bottom panels of Fig. 2 show that the values of 3
inferred from manually gated results are generally between
0.8 and 1.0. It is for this reason that we suggest 0.8 as a
conservative default value for 8. Of important note is that the
value of 3 is dependent on the value of 6 being 2.0. This same
default parameter setting works consistently across data
samples for two 11-color data sets acquired at our institution,
as well as for 4-color data sets that came from a large number
of other flow cores (see Section 4.3).

The value of B has meaning outside the context of flow
cytometry. Precision is the ability of a classifier not to
label something as positive that is truly negative. Recall is
the ability to obtain all of the positive samples. A value of
3 = 0.8 specifies a threshold that slightly favors precision.
In our approach the value B is defined before classification in
the same way that the traditional o« = 0.05 is used for
p-value interpretations. These values exist as a guide for
interpretation. Although f3 is appropriate in this study it

may be that different experimental contexts (e.g. diagnostic
Versus screening assays) require a more or less conservative
value.

4. Results and discussion
4.1. Using positive and negative controls for rare event detection

Positivity thresholds using a percentile cutoff based on the
negative control sample alone can control false positive rates
effectively and provide high precision. However, use of a
negative control only allows one to minimize noise — it tells us
little about how much signal we can detect. An alternative
statistical approach to automate positivity thresholding based
on negative controls only is to set the threshold at the mean
plus a fixed number of standard distributions. This has the
same limitations as using a percentile cut-off, and in addition,
also has distributional assumptions that may not be met
(symmetrical distribution, approximately normal etc.). Under
standard practices, positive and negative controls are used to
visually determine thresholds (Maecker et al.,, 2005); however
these methods have limited reproducibility due to their
subjectivity.

The mentioned negative control only methods are shown in
Fig. 3 and we contrast them with thresholds derived from the Fs
and manual methods. Both the F;; and manual methods shown in
Fig. 3 use positive and negative controls. From these comparisons
we note that thresholds set using a fixed number of standard
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Fig. 2. Choosing a reasonable (3. The top panels show data from samples stimulated with CMV pp65 peptide pools, for three different cytokines. Positivity thresholds
shown in the plot were calculated from the SEB positive and Brefeldin negative controls (not shown). As 3 increases (number in black rectangles), the threshold moves
to the left resulting in larger cytokine percentages. We can estimate the value of 3 corresponding to manual thresholding by finding the value of 3 at which the manual
and automated percentages overlap. Two expert flow operators from independent laboratories manually set positivity thresholds on data samples from normal donors
treated with identical stimulation conditions, and we show the corresponding estimated (3 values as box-and-whiskers plots. The blue boxes are CD3+CD4 + and the
orange boxes are CD3+-CD8 + subsets. The ‘+’ symbols indicate outliers. The data set used here was 11C-EQAPOL-2. (For interpretation of the references to color in this

figure legend, the reader is referred to the web version of this article.)
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deviations are highly sensitive to the choice of transformation 4.2. Using clustering to automate rare subset discovery
applied (log versus biexponential), while thresholds set using
percentile cut-offs can result in obvious signals being missed Automated methods have the advantages of being able to
when there is a high background present. We also observe from handle large volumes of data and they can effectively work in
the figure that Fz method is not overly sensitive to the choice of higher dimensional space. However, with the convenience
transformation and is resilient to endogenous background of automation comes the burden of parameter estimation.
responses. Using the same data that was used in Fig. 3 we applied four
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Fig. 3. Inconsistencies in thresholding methods. Panel A: Two centers participating in the EQAPOL program evaluated the same sample using a common protocol
to quantify the frequency of CD8 + cytokine positive events. Note that Center B places the threshold much closer to the negative population than Center A. Panels
B-D show the setting of positivity thresholds for a sample from a donor with an endogenous CD4 + response that can be characterized by a high background even
for the BRF-only negative control. Panel B shows thresholds set using manual analysis, while Panels C and D compare three different automated methods for
setting the positivity threshold on the same data. Panel B: Results of manual threshold setting based on negative (BRF) and positive (SEB) controls. Panel C:
Thresholds are calculated and drawn based on data that have been transformed using a biexponential (logicle) transformation. The ‘3 STD’ method sets the
threshold at three standard deviations from the mean (blue line), the ‘0.05’ method sets the threshold at the 99.95% percentile (orange line), and the Fg
thresholding algorithm sets a threshold (black line) according to the methods described in this manuscript (3 = 0.9). The ‘3 STD’ and F; methods give reasonable
thresholds here, while the ‘0.05’ method excludes most of the positive response. Panel D: The data and thresholding methods are identical to Panel C, except that
a logarithmic transformation has been applied. The dramatic shift of the blue line between Panels C and D shows the sensitivity to distributional assumptions that
come with the ‘3 STD’ method. The data set used in Panels B-D was 11C-EQAPOL-1.
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commonly used clustering algorithms and plot the results in
Fig. 4. The K-means and Gaussian Mixture Model (GMM) are
examples of parametric approaches that may be used in the
automated analyses of flow cytometry data. Some of the most
commonly used automated approaches are based on para-
metric models (Chan et al., 2008; Lo et al., 2009; Aghaeepour
etal., 2011; Geo and Sealfon, 2012). For this example, in terms
of estimating the cytokine percentages K-means and GMMs
produce very comparable results. Mean shift and spectral
clustering on the other hand are non-parametric methods that
differ in both algorithm and result. There is clearly potential for
the use of spectral clustering in FCM (Zare et al., 2010),
however, it is very difficult to come up with a single set of
parameter values that works across a large set of samples with
different stimulations let alone instruments and laboratories. It
is interesting that only the mean shift algorithm was able to
detect the events from the endogenous response in the BRF
stimulated sample.

For all the methods, events from a cluster were designated
as positive if the centroid fell above the 99th percentile of the
BRF stimulated sample. It is due to this constraint that clusters
with irregular shapes are not consistently classified. This
problem is the case with spectral clustering whether we use a
mean or median with respect to the cutoff, which explains
the lower percentages. The problem of selecting a proper
heuristic for the threshold of ‘positive’ is not a small one and it
is amplified as we move to new panels and instruments.

Another shortcoming of these clustering methods is that they
do not share data across stimulations. Take for example the
case where there is a strong response from a SEB stimulated
sample, but only a handful of events are present in the
CMV sample. It is unlikely that these events will be picked
up as an individual cluster, given the patterns observed in
Fig. 4.

4.3. Application to a multi-center study

There have been many efforts to harmonize or standard-
ize FCM assays across laboratories so as to improve
reproducibility and reduce intra- and inter-laboratory vari-
ability. While the importance of protocol standardization
with respect to data manipulation and instrument setup
is evident (Perfetto et al, 2006; Maecker et al., 2010),
standardization of data analysis is also necessary. We have
described an automated method that aims to increase
reproducibility over traditionally used manual methods for
separating cytokine-positive from cytokine-negative events
in ICS studies (Maecker et al., 2005). The method determines
thresholds that optimize the trade-off between recall and
precision, and is simple, robust and fast.

From the 4C-EQAPOL-1 data set we analyzed nine separate
FCM centers to determine IFN-y + IL-2 percentages for both
CD3+4-CD4 + and CD3+4-CD8+ lymphocytes. The stimulations
were masked in the study so we used the highest and lowest
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Fig. 4. Using clustering to automate rare subset discovery. The donor and stimulated samples used in Fig. 3 are analyzed here using four different clustering
methods. Each column represents a different algorithm: K-means, Gaussian Mixture Model (GMM), mean shift and spectral clustering. For each separate model
all parameters were tuned to provide a single set of parameters for the three stimulations that yielded the best results. Within each subplot all clusters with a
centroid that fell above the 99th percentile of the BRF stimulated sample are highlighted in blue and counted as positive in the calculation of percentage. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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ranked samples, based on the mean of the top 1% of events, as
the positive and negative controls respectively. In order to
ensure discriminatory effectiveness, the F; method requires a
minimal positive response. As a quality control for positive
response, the value of the maximum Fs score can be used
where maximal F; < 0.5 values should be flagged.

The manual results shown in Fig. 5 were carried out by
the same operator to control for potential differences. The
three centers shown in the figure are reasonably similar
when we compare the manual versus Fs approaches. The Fg
method appears to be slightly more conservative in general,
because the percentages are often slightly smaller than
those of manual approaches. This is likely due to the fact that
we use a single conservative value for 3 where operators
generally have some variation in their preference for
precision or recall (see Fig. 2). Manual approaches have the
additional advantage of being able to back-gate to optimize
the threshold, but even so the observed differences are well
within reason. The results for the other centers are very
similar and can be viewed along with the other supplemen-
tal materials (http://duke.edu/~ccc14/papers/fscore). Also, a
small Python library is available through the supplemental
website as an implementation of the F; method described
here.

5. Conclusions
Automated threshold determination using the F; method

provides a potential solution to the longstanding challenge
of finding a reasonably objective way to set positivity

negative populations. As we have shown, threshold determi-
nation works even for the discrimination of extremely rare cell
populations, which is critical since thresholds are often used
to detect cell frequencies of 0.1% or lower. The Fz method
can identify thresholds that are optimal with respect to a
specified precision-recall trade-off, and eliminates the issue
of subjectivity (reproducibility) that manual methods must
deal with.

The Fs method is not a drop-in replacement for clustering
approaches since practical applications require the comparison
of relatively pure cell subset populations (e.g. CD3+CD8+ T
lymphocytes) across multiple samples. In most rare event
search scenarios (e.g. extremely rare cytokines or tetramer
positive antigen-specific events) a practical hybrid approach
would be to use clustering in place of gating to extract
well-defined populations such as CD3+CD8+ lymphocytes,
and threshold determination to define negative and positive
cytokine+ or tetramer+ events within that CD3+CD8+
population. Since the Fg threshold is determined purely from
the data for a given value of [, this algorithm provides an
objective and consistent basis for identifying thresholds that
will reduce the variability of flow cytometric analysis, be of
benefit to automation efforts, and in general contribute to the
harmonization of inter-laboratory results.
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