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Highly multiplexed assays using antibody coated, fluorescent
(xMap) beads are widely used to measure quantities of soluble
analytes, such as cytokines and antibodies in clinical and other
studies. Current analyses of these assays use methods based on
standard curves that have limitations in detecting low or high
abundance analytes. Here we describe SAxCyB (Significance Ana-
lysis of xMap Cytokine Beads), a method that uses fluorescence
measurements of individual beads to find significant differences
between experimental conditions. We show that SAxCyB out-
performs conventional analysis schemes in both sensitivity (low
fluorescence) and robustness (high variability) and has enabled us
to find many new differentially expressed cytokines in published
studies.

ELISA | Luminex | algorithm | sandwich immunoassay | ANOVA

n recent years the xMap bead technology (1) has made possible

high throughput analysis of various analytes, especially cyto-
kines. These assays allow simultaneous analysis of more than 50
different cytokines in small sample volumes. The focus of the pre-
sent work is on analysis of these cytokine assays. The xMap bead
is the solid phase of a sandwich immunoassay. The analyte is
classified through a two-color barcode embedded in the bead
and the abundance of the analyte on the bead is determined by
the fluorescence of the dye phycoerythrin coupled to the detec-
tion antibodies. Measured levels of fluorescence from the known
cytokine dilutions are used to create standard curves. These four
or five parameter logistic curves are used to estimate the concen-
trations of analytes given their median fluorescence intensity
(MFTI) values.

Currently statistical analysis of xMap cytokine assays relies on
repeat wells done in the assay and point estimators, usually the
concentrations transformed from the MFIs, for each analyte within
each well. This approach works well when a large difference exists
and where coefficients of variation are fairly small. However, it
is the nature of screening assays that many analytes have low fluor-
escence values and are therefore often reported as undetected.
These undetected values lead to gaps in the assay results and
frequent inaccuracies in estimates of analyte concentration.

We present here a unique statistical approach for the analysis
of xMap cytokine data. Given the fluorescence of individual
beads, we chose not to map the observed fluorescence to the
unknown concentration level, as it adds uncertainty. Instead, we
focused on a direct statistical analysis of fluorescence intensities
(FIs). The use of individual bead fluorescence, as opposed to any
summary number, enables analysis of low signal or poor quality
data and allows more power to testing differences in analytes.
The methodology, which we refer to as Statistical Analysis of
xMap Cytokine Beads (SAxCyB), is a linear regression model de-
signed to find significant differences between multiple conditions
(see schematic in Fig. 14). In the model, repeat wells of a common
condition are combined after adjusting differences. Conditions of
interest (henceforth referred to as cases) simultaneously compared
to the reference conditions (henceforth controls) after taking a
variance-stabilizing transform. Fig. 1B visualizes the method’s
application to experimental data over different variances of case
and control. Comparisons are made through a type of hypothesis
testing that allows for some tolerance for the precision of the mea-
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surement, which is determined in a data-driven manner. We show
that SAXCyB outperforms alternative analysis methods with a
specificity/sensitivity analysis. We also show specific applications of
SAxCyB to data in mice infection and autoimmunity and a clinical
trial and show that in all cases the algorithm is able to find addi-
tional cytokines that change in a given disease situation.

Results

Construction of the SAxCyB Model. Multiplex flow cytometers mea-
sure multiple beads per analyte, however they typically only re-
port mean or median values. In order to achieve better statistical
power, it should be advantageous to use all of the fluorescence
measurements. However, upon examining individual bead fluor-
escence data of xMap cytokine assays (as obtained with Luminex
machines, Luminex Inc.) we observed that they usually have a
highly nonnormal distribution (Fig. S1) and their variances differ
with different conditions (Fig. S2). At lower fluorescence levels
these phenomena are due in part to a background subtraction
feature that allows multiplexed no-wash assays but as a bypro-
duct, introduce abnormally high variances (2). For these reasons,
analyses based on ¢-statistics applied to MFIs are inappropriate
for finding significant differences between samples (SI Text).
Therefore we decided to create a methodology which incorpo-
rates the heavy-tailed distribution, the high variability of the data,
and also background (blank) measurements.

This method is based on a linear model applied for each ana-
lyte. In this model we use the measured fluorescence (y), adjusted
for differences in repeats (). We then wish to learn about the
differences between conditions («) given the overall mean () and
some error (g).

Let i index treatment; j indexes repeat for treatment i; and k
indexes bead for treatment i within repeat j. With measured fluor-
escence intensity (FI) y;, we write

T(yg-Py) = n+ o + €,

i:(),l, ..... ,N;jzl, ..... ,Ri;kzl, ..... Jli]'

1]

where N is the number of conditions; R; is the number of repeats
for condition i; and n;; is the number of beads for condition i with-
in replicate j - u is the overall mean. {¢;} are the differences
between condition i and the control (which is our main interest).
Inference on {a;} seek to answer the experimental question. {f;}
represent the differences among the repeats for condition 7. {e; }
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Fig. 1. [lllustration of the SAxCyB method and its application. (A) A schematic flow chart showing data processing, repeat adjustment, transformation,

D selection, and hypothesis testing. (B) Application of SAXCyB for experiments with different variances. Colored arrows point to extreme outliers.

are the errors in the model that are independent and such that
E(g5%) = 0 and Var(gy) = 67. We assume that the FI measure-
ments adjusted for the repeat effect follow an Analysis of Var-
iance (ANOVA) model and in order to stabilize the variability
of FI we use a monotone log transform 7'(-) (See SI Text) that
is similar to the transform used in microarray probe-level analysis
(3). We empirically found this transform to yield good perfor-
mance across the scale of possible measurements. We then esti-
mate the model parameters in an iterative fashion, using a variant
of the least squares method (See SI Text).

Hypothesis Testing Using SAxCyB. Our goal is to determine signifi-
cance of differences found between conditions. In order to do
that, we use a data adaptive bioequivalence-type test. In testing
multiple cases against one control, our null hypothesis is that the
cases are equivalent to the control:

H;: oy — ap] <A, i=1,..N, [2]
where A is the equivalence margin of the test. A higher A corre-
sponds to more tolerance to a difference between ; and ay.
Setting the margin A = 0 reduces Eq. 2 to a conventional ¢-test.
The value of A is selected in a data-adaptive fashion (SI Text
and Fig. S7). Each hypothesis H; Eq. 2 can be tested using
two one-sided #-tests (4), resulting in a decision rule

Accept H;
Reject H;

if T, >t

="rv

and TU.i S tl—y,b’ [3]

otherwise.

Where the ¢ statistics Tp;= (& —ay+A)/7; and Tp; =
(a; — ap — A)/7; are the lower and the upper boundaries of the
equivalence margin, obtained from the data. The critical values
t,,and ¢, are 100 X y% and 100 x (1-y)% quantiles of the ¢-dis-
tribution with v degrees of freedom. Here, &; and &, are the es-
timated effects of the case and the control, and s; is the estimated
normal theory standard deviation of their difference &; — ay.
These values are obtained from fitting the linear model Eq. 1
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to data. Because this decision rule reports two p-values, we use
the following composite p-value-like score

pi = min(F,(Ty ;),1-F,(Ty;)),

where F,(¢) is the probability that a random variable following the
t-distribution with v degrees of freedom is less than .

We also want to know which of the differences found are
significant. We note that, when testing all the hypotheses simul-
taneously, the rate of false positives (type I error) inflates. We
used the above testing procedures followed by a post hoc adjust-
ment for controlling family-wise error rate (5). We also allow the
false discovery rate control (6) at the user’s discretion for cases in
which the number of comparisons is large (e.g., N greater than
20). When there are multiple controls each of which has multiple
cases, we simply repeat testing Eq. 2 independently for each case-
control group.

Assessment of SAxCyB Performance. The principal use of the SAx-
CyB algorithm is as a decision rule. The performance of decision
rules for comparing samples can be evaluated by measuring the
true positive rate (TPR, or sensitivity) and the false positive rate
(FPR, or 1-specificity). In order to determine the performance of
SAxCyB, we conducted an experiment in which we measured
assay standards (used to generate the standard curve) because
they are the most accurate sources of known amounts of cyto-
kines for Luminex assays. We then performed seven fourfold
serial dilutions of assay standards (for human cytokines) in seven
repeats each. The resulting cytokine concentrations (or in-
stances) range from saturation (5,000 pg/mL) to the lower detec-
tion limit (1.22 pg/mL). We also included blank wells with
sample buffer only.

For our analysis we created a set of in-silico experiments. Each
in-silico experiment consists of two components (Fig. 24). First,
to estimate FPR, we randomly designated a pair of repeats from
one instance as control and two randomly chosen other pairs as
cases (Fig. 24, top). Because both control and cases came from
the same instance, we expect not to reject the null hypothesis (that
they are not significantly different). Second, to estimate TPR, we
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Fig. 2. SAxCyB performs better than conventional analysis methods. (A) Evaluation of SAxCyB using diluted standard analytes. When comparing within the
same concentration (e.g., 100 pg/mL), significant differences are false positive. When comparing between concentrations (e.g., 100 pg/mL and 50 pg/mL),
significant differences are true positives. (B) False Positive Rates and True Positive Rates were estimated per analyte for SAXCyB (red circles) and alternative
methods t_fullFl (blue crosses) and t_MFI (green triangles). All data were adjusted for multiple comparisons. Solid vertical line—nominal significance level; 0.05.
Dashed vertical line —0.10. The inset shows an example of differences in transformed fluorescence (« from Eq. 1) between various concentrations of IL-12p40.
For each pane, the reference is labeled in the center of each pane and all fluorescence differences of the cases (which compare to it) including the reference
itself are plotted in different colors. For example, in the top pane the control is 1.2 pg/mL and distributions of differences in transformed fluorescence for all
other concentrations are plotted. Magnified view of the range around 0 is in Fig. S6.

designated three random pairs of repeats from another instance
as cases (Fig. 24, bottom). We did this for all six instances other
than the control. Because the control and cases came from
different instances, we expect to reject the null hypothesis.

We generated 315 analyses for each instance, yielding 630 true
negatives and six groups of 945 true positives. We applied SAx-
CyB to test significant differences at nominal significance levels
of 0.01 and 0.05, and counted false positives and true positives to
estimate FPR and TPR respectively. We conducted this analysis
for each of the 51 analytes (Table S1). As reference decision rules
we used a two-sample #-test (“t_MFI”) that employs only MFIs
(therefore two measurements for each instance) and a two-sam-
ple r-test (“t_fullFI”) that employs all bead measurements and
pools repeats. The first reference is a common analysis method
of xMap data and the second is a naive use of all the individual
bead measurements.

Pooled across the full scale of data, SAxCyB achieved higher
TPR with lower FPR (Fig. 2B; data points clustered on the upper-
left corner) than the other two reference decision rules. At the
nominal level of 0.05, 50 out of 51 analytes had FPRs less than
the nominal level; the remaining analyte had FPRs less than 0.1.
At the 0.01 level, 48 analytes had FPRs less than the nominal
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level; the other three had FPRs less than 0.05 (Fig. S3). TPRs
were very high for both levels: all of them were greater than
0.85, most of them were very close to 1. Naively using individual
bead fluorescence (t_fullFI) also yielded high TPRs, but had much
higher FPRs. At the level 0.05, all analytes had FPRs greater than
0.1; at 0.01, all FPRs were greater than 0.05. This effect can be a
consequence of the heavy tails and/or the discrepant scales of Fls
that usually degrades the performance of the two-sample #-test.
SAxCyB overcomes this problem by adjusting the repeat effects
and by variance-stabilizing transformation. As can be expected
by the small number of data points, t MFI had unacceptably low
TPRs. Note that the demonstrated TPRs and FPRs may be opti-
mistic. In real experiments with unknown analyte quantities the
unobservable TPRs can be lower and FPRs higher.

SAxCyB Allows Detection of Low Level Analytes and Multiple Hypoth-
eses Testing. Measuring levels of analytes (cytokines in this case)
more precisely and sensitively will allow researchers to find
subtle differences that would otherwise remain undetected. Ad-
ditionally, having good estimates on significance of all the data
will allow pattern detection. In either case, this is a significant
improvement over having no usable data at all, which is the case

Won et al.
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when concentrations cannot be estimated (on both sides of the
standard curve).

In order to investigate the performance of SAXCyB in a variety
of experimental settings, we analyzed data that has been pub-
lished and validated in follow-up experiments. First, we analyzed
Luminex data from sera of mice deficient for type I interferon
receptor (IFNAR1-/7) that were infected with Francisella tular-
ensis (7). In this experiment, using a Mann-Whitney U analysis,
the authors identified four cytokines that were significantly dif-
ferent between IFNAR1~/~ and WT mice 48 h after infection
(IL-1a, IL-12p40, IL-12p70, and IL-17). This analysis pooled
two repeats of the experiment for statistical power. Using SAx-
CyB we had enough power to analyze each experiment individu-
ally. Fig. 34 shows that we found 11 significantly different

cytokines in each repeat of the experiment (p < 0.05). Of the
22 total differences, 16 were found with SAxCyB but not with
t-tests on MFIs. In all, seven cytokines were common to both re-
peats (IL-12p70, IL-17, IL-3, IL-6, RANTES, MCP-1, and KC).
The distribution of individual bead fluorescence values and trans-
formed fluorescence values for IL-3 is shown in Fig. 3B. We note
that the high samples with high MFIs (in IFNAR1~/~ mice) ac-
tually have very high individual bead fluorescence values, up to
four times the median for this group. In addition, we found seven
cytokines that changed as a result of PBS injection, albeit to a
smaller extent. Changes in these cytokines in the IFINAR1~/~ set-
tings may thus be a result of the strain differences rather than
infection. Notably, we did not find IL-la to be significantly
different between the infected strains, owing to high background
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vopo I wes
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Fig. 3. SAxCyB used for mouse and human serum cytokines reveals new cytokine effects. (A) The effect of Francisella tularensis infection on serum cytokine
expression was studied in IFNAR~/~ and WT mice (11). Serum cytokines (23) were measured with Luminex in two repeat experiments and once for PBS-injection
control. Data were analyzed by comparing the two strains with SAxCyB and t-tests on MFIs. SAxCyB returned 30 significantly different cytokines (sorted by
significance). Of these, 24 were not detected by MFI t-tests (red bars). Asterisks denote findings that were also detected in PBS injection. (B) Fluorescence (top)
and transformed fluorescence (bottom) measurements of individual beads for IL-3 (significantly overexpressed upon infection). Dots are MFI values. Green—
WT mice, red—IFNAR~/~ mice. (C) Sera from SJIA patients were taken on day zero (before) or month six after anakinra (IL-Ra) treatment. Serum cytokines (51 in
two plexes of 24 and 27) were measured with Luminex. Data were analyzed by comparing 18 patients on day zero and 13 patients at month six to a cohort of 10
healthy donors’ sera. SAxCyB returned 17 and 20 significant differences for day zero and month six respectively (sorted by significance). Of those 13 were not
detected by MFI t-tests (green and red bars for day zero and month six respectively). Asterisks denote findings that are found both at day zero and month six.
(D) Fluorescence (top) and transformed fluorescence (bottom) measurements of individual beads for IL-1Ra (likely detecting the drug). Dots are MFI values.
Blue—healthy controls, red—month six patients. (E) Fluorescence (top) and transformed fluorescence (bottom) measurements of individual beads for a re-
presentative selection of cytokines detected by SAxCyB, but not t-tests on MFls. Blue—healthy controls, green—day zero patients, red—month six patients.

In (A) and (C) only statistically significant (p < 0.05) differences are plotted.

Where fluorescence or transformed fluorescence values are plotted (B, D, and E), the data were overlaid for each well separately such that denser colors
represent more measurements for that range.
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measurements (42% in MFI terms). We also found IL-12p40 to
be significantly increased in one of two repeat experiments, but
also slightly decreased in the PBS control.

In conclusion we find that IL-3 is up-regulated in response to
FE. tularensis infection in IFNAR1~/~ mice at 48 h and that this is
not a result of the specific mouse strain used. In fact, when com-
paring infected vs. PBS injected mice for each strain, IL-3 is up-
regulated only in IFNAR1~/~ mice in both repeats (not shown).
IL-3 is a mitogen, differentiation factor, and apoptosis inducer in
a variety of hematopoietic cells. IL-3 perform these many func-
tions by signaling through three pathways: JAK/STAT, MAPK,
and PI3K (8). IL-3 is expressed by many cell types, including thy-
mus, bone marrow, brain, muscle, kidney, liver, and others. How-
ever, there is conflicting evidence for its expression upon F
tularensis infection. Several reports have indicated that it is not
detected in liver (9) and unchanged in sera of infected mice
(10, 11) and in purified pulmonary Tand NK cells following aero-
sol challenge (12). However Luminex analysis of pulmonary
cytokines upon aerosol challenge of live vaccine strain of F. tular-
ensis has shown that IL-3 is up-regulated as early as day four and
peaks on day seven (13). In this study additional cytokines found to
be up-regulated in the lung, but not in sera or spleen on day two.
Those cytokines are IL-6 (40-55-fold), IL-17 (9-14-fold), KC (8-
11-fold), MCP-1 (10-14-fold), and RANTES (2-4-fold). On day
four many more cytokines were up-regulated in the lungs, spleens,
and sera of infected mice. It is therefore possible that the 48 h time
point chosen for this experiment represents the beginning of the
IL-3 response. Finally, although the importance of IL-3 in immu-
nity to the parasite Stronglyoides venezuelensis via its function in
basophil development has been described (14), its role in immunity
to intracellular pathogens such as F tularensis is not known.

Making precise and sensitive measurements of blood analytes
(such as cytokines) has clinical value. Although this assertion
holds true for many clinical indications, it is especially important
in immunological disorders. For example in the autoimmune con-
dition systemic lupus erythematosus it is of diagnostic value to
measure IL-1, IL-Ra, IL-2, soluble IL-2R (sCD25), IL-4, IL-
6, 1L-12, IL-18, TNFa, soluble TNF receptor (sSTNFR), IFNy and
IFNa (15). In order to test SAxCyB in a clinical setting (where
sample collection is more variable and more bead types are multi-
plexed together) we analyzed data from a clinical trial with the
interleukin-1 receptor antagonist anakinra in patients with sys-
temic-onset juvenile idiopathic arthritis (SJIA) (16). Pascual,
et al. showed that sera from SJIA patients caused increase in
IL-1 expression in healthy patients’ PBMCs in vitro (17). To test
whether anakinra treatment changed the cytokine profile of pa-
tients, 51 serum cytokines were measured on day zero (before
treatment), on month six during anakinra treatment and in healthy
volunteers. We tested two hypotheses simultaneously, one compar-
ing patients on day zero to healthy donors and another comparing
patients after 6 mo of anakinra therapy to the same healthy donors.
We find 17 significant differences (p < 0.05) in SJIA patients on
day zero and 20 significant differences in SJIA patients after 6
mo of anakinra therapy (Fig. 3C). Of those, six cytokines (IL-16,
IL-18, IL-6, IL-8, IL-9, and MIP-1p) are up-regulated at both time
points, suggesting that their expression is a result of the disease
rather than the therapy. Importantly we see very high levels of
IL-1Ra in patients undergoing therapy; likely the assay is detecting
the drug. This observation serves as an internal positive control
for our analysis. SAXCyB finds 13 significant differences that
are not detected using ¢-tests on MFIs, even without performing
the required multiple comparison procedure on MFIs (MCP; to
minimize type I error). These new findings demonstrate the much
greater sensitivity of this algorithm. In order to have better insight
into the individual bead data that yield these results, we plotted
these individual bead fluorescence measurements for each sample
as well as the transformed fluorescence data. Fig. 3D shows the
extreme case of very large scale of the data and the effect of
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the transformation to stabilize variance in this situation. In Fig. 3E
we explore more subtle differences unique to SAxCyB. It is impor-
tant to note that the algorithm considers all the data as taken from
one group, therefore a post hoc examination of the source of
significance may be of value.

As the number of samples increases so does the power of ¢-tests
with MFIs and those become more relevant. In this situation
SAxCyB provides specificity by considering all the bead measure-
ments to estimate the true variance in the data. For this reason 12
cytokines were reported as significantly different by MFI ¢-tests
but not by SAXCyB (Fig. S4).

It is interesting to note some findings that are made using
SAxCyB and not with MFIs. Because the function of the drug
is to block IL-1a/p binding to the IL-1RI receptor, we would ex-
pect to find more available IL-1a and IL-1f in the serum. With
SAxCyB, IL-1a and IL-1p are both found to be overexpressed in
patients undergoing anakinra treatment (compared to healthy
donors, Fig. 3 B and E). We thus find a secondary effect of the
drug that supports its bioactivity. However in this study SJIA
patients do not overexpress IL-1a on day zero. IL-18 is also over-
expressed in SJIA patients both at day zero and month six. IL-18
is a proinflammatory cytokine that is released as a result of in-
flammasome activation and caspase 1 cleavage. This process in-
evitably also cleaves pro-IL-14 and results in secretion of mature
IL-1p. Therefore, the presence of IL-18 in the sera of SJIA
patients on day zero supports the theory that the inflammasome
plays a role in the disease (18-20). However the continued pre-
sence of IL-18 on month six shows that it is not affected by the
drug, as expected. The presence of IL-1f as detected with SAx-
CyB further supports a role for the inflammasome in SJIA. The
antigen that causes inflammasome activation in SJIA is unknown,
however it is known that self adjuvants can induce the NLRP3
inflammasome (21, 22), for example uric acid in gout (23). A
pathogenic role for the inflammasome has also been described
in osteoarthritis and correlated with serum levels of IL-14 and
IL-18 (24). In this work we show, via a direct measurement, that
IL-1b is elevated in sera from SJIA patients.

Finally we used SAxCyB in an experiment where multiple (thirty
eight) hypotheses were tested in a cytokine stimulation assay and
show that it achieves much greater sensitivity than MFI-based ¢
tests (Fig. S5).

Discussion

In conclusion, here we describe SAXCyB, a statistical algorithm
that uses the individual fluorescence measurements of xMap
beads and significantly improves the sensitivity and accuracy of
this type of analysis. Improving multiplex cytokine analysis in this
way is particularly important because this type of assay is becom-
ing increasingly common as a way to understand immune re-
sponses to infectious diseases or the pathologies associated with
autoimmunity (or drug treatments for those diseases). SAXCyB is
a fixed effects model, where the effect of a treatment is consid-
ered nonrandom. One might argue that we should think of this
quantity as a random variable (which follows a certain distribu-
tion). However, this approach is more appropriate in making in-
ference on all possible future assays, whereas our interest is in
explaining an observed, particular assay. Also, one may argue that
the intrinsic problem of comparison here is that of comparing
concentrations. Given the estimated standard curve, comparisons
are formulated as what in statistics is known as “calibration,”
which has generated much heat and only a little light even in the
simplest case of linear standard curves (23, 24). Given that the
proper scale is uncertain and there is replication, we recommend
avoiding calibration as much as possible. Third, we advocate the
use of a multiple comparison procedure (MCP) when comparing
a control to many cases. Use of MCP not only reduces inflation
in the type I error (FPR), but also makes a decision rule for
significant differences more or less immune to the nominal
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significance level. For example, in the sensitivity analysis from the
previous section, we observed that as the nominal level is
decreased from 0.05 to 0.01, the t MFI, unadjusted for MCP,
showed a dramatic reduction in TPR (Fig. S3). This phenomenon
indicates that t MFT yields many marginal unadjusted p-values
around 0.05, severely affected by the change of nominal level
or multiple comparison adjustment.

Finally, in performing many Luminex xMap assays, we find
that there is greater variation in biological repeats than in tech-
nical repeats. Because repeats are crucial in order to estimate
variability and thus achieve greater sensitivity, we highly recom-
mend performing repeats of experiments rather than technical
repeats, thereby optimizing the cost effectiveness of the assay.
In addition, we find that plate-to-plate variations can be substan-
tial even if the experimental protocol is strictly adhered to and
the same batches of reagents are used. These variations may re-
present stochastic effects or small, yet significant, deviations that
are common in lab work. We therefore highly recommend assay-
ing the control samples in the same plate as the experimental
samples. This design should be implemented even at the cost
of repeatedly assaying the control on every plate.

We hope that this method will be useful for those making these
kinds of measurements. While this approach was developed using
Luminex cytokine assays, it can be easily extended to all xMap
assays because the common denominators of conjugated beads
and fluorescence readouts are the same.
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Mice. All mice were obtained from Jackson laboratories and were maintained
in the Stanford research animal facility according to IACUC (Institutional
Animal Care and Use Committee) guidelines.
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Luminex Assays. For the mouse cytokine experiment, CD4 T cells from two
strains of mice, Fas™/~ (MRL.MpJ.lpr) and WT (MRL.MpJ) were stimulated
for 16 h with subsequent blocking of golgi-mediated secretion. The cells
were lysed and intracellular cytokines were measured by Luminex using
mouse 21 plex beads. The SAxCyB performance experiment was done using
a human 51 plex setup.

All Luminex experiments were performed by the Stanford Human
Immune Monitory Center using Panomics beads and Luminex 100 IS or
Luminex 200 machines.

Exclusion of Outliers. Extreme outlying measurements can occur due to con-
tributions of carryover beads from previous wells (27). We excluded outliers
in the measured Fls from the analysis. FIl measurements greater than 5%
trimmed mean plus four times standard deviation (also 5% trimmed) were
considered outliers. This procedure was done for all methods compared in
this text.

Computational Resources. Statistical analyses were performed with the R
statistics package and MATLAB 2007a/2009 ran on 8-core x86-64 GNU/Linux
server and on a Windows XP workstation, respectively.
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SI Text

Problems with Median Fluorescence Intensity (MFI). If we are given a
random sample from a probability distribution that is symmetric
about a particular point, then that point is both the mean value
and the median of the underlying distribution. Call it 4. One such
symmetric distribution is the normal, or Gaussian, distribution.
The sample mean value, the arithmetic mean (X) of the cited
random sample, is what is termed a complete, minimal sufficient
statistic for u (1). It follows from theoretical developments that in
terms of minimizing variance there is no unbiased function of the
random sample that is better than X (1). However, when the un-
derlying distribution of the data is Gaussian, then the sample
median of the random sample is a reasonably good estimator
of u, with theoretical variance only 1.57 times the theoretical var-
iance of X (1). Further, the sample median is robust to outlying
observations. Therefore, it may be slightly surprising that in com-
paring concentrations, as we do in this paper, one can do so much
better than conventional sample medians do.

Huber’s robust method of estimation, which we have applied
to estimating {/;} grew from his interest in estimating x under a
particular set of mixture models, which are Gaussian only when
one component is absent. We discussed deviation from normality
of bead data and observed that the sample mean is very sensitive
to outliers or the scale of the distributions of bead measurements.
We add that there are problems estimating the variance of a sam-
ple median because the variance is inversely proportional to the
square of the underlying probability density evaluated at the po-
pulation median (1). Estimating the value of a density, let alone
the reciprocal of its square, is difficult. Indeed, no matter how one
estimates the variance of the median, even for large sample sizes,
a t-like statistic for comparing sample medians may not lend itself
to comparisons, not least here, where sampling distributions are
far from normal; and there are additional problems of scaling.

Transform of Fluorescence Measurements and Parameter Estimation.
For different conditions, we do not assume equal variance be-
cause even after the transform the variance may still vary with
i. However, we do assume a common variance across the repeats
j=1,.....,R; for condition i because they come from the same
sample. We transform fluorescence intensities (FI) measure-
ments using the following transformation:

T(-) =log(- —-Msp + ). [S1]

Here, Mg is the pooled 5% trimmed mean blank measurements
of the given cytokine, and s is a number that makes the internal
term of the log positive for all k. M sg roughly determines the pre-
cision of the measurement. Because blank (or buffer alone) mea-
surements are standard in every experiment, it is convenient to
use it to adjust the FIL.

For parameter estimation, we use all the bead measurements
per analyte to construct a distribution of (transformed) fluores-
cence values per condition. The model parameters u, {o;}, {5},
and s in Eq. 1 (main text) are estimated from the data in an itera-
tive fashion. Suppose the values for the difference between the

. Lehmann EL (1983) The Theory of Point Estimation (John Wiley and Sons,
Hoboken, NJ).

. Huber PJ (1981) Robust statistics (John Wiley and Sons, Hoboken, NJ).

. Venzon DJ, Moolgavkar SH (1988) A method for computing profile-likelihood-based
confidence intervals. J Roy Stat Soc C 37:87-94.
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repeats {f;} and the transform-related quantity s are fixed. Then
Eq. 1 (main text) suggests a standard weighted least squares
method for estimating the overall mean y and the difference be-
tween conditions {e;}. That is, the error T(y; — f;) — (4 + a;)
between the observation and the model is squared and summed
over i =0,1,......N. In the sum, each error term is weighted in-
verse-proportionally to the empirical error standard deviation
6;, estimated from the residuals 7'(y;; — ;) — (i + &;) of the un-
weighted least squares fit. Finally, 4 and {¢;} that minimize the
weighted sum is found. Once the values for 4 and {«;} are fixed,
and the values for {f;} are estimated using a nonlinear least
squares method. This method requires a good initialization,
for which we found satisfactory results with Huber robust regres-
sion (2) on repeats for each condition. (Often this initialization is
good enough.) We estimate s based on the notion of profile like-
lihood (3). This process is iterated until convergence.

Selecting the Equivalence Margin A. This note deals with the ques-
tion of how to choose the equivalence margin A. As A increases,
smaller differences are called significant, leading to a loss of
specificity and as A decreases only large differences are called
significant, leading also to a loss of sensitivity. Because it is im-
possible to make an objective decision when the results are un-
known (as is usually the case), it is desirable for us to let the data
choose A. A seemingly attractive possibility is to use a data-driven
machinery such as SAM (4). However, in these assays one does
not usually have the luxury of hundreds of p-values such as in
microarray analyses (for which SAM was designed). Instead,
we choose A at a point in which the estimated power is reasonably
high. As we increase A we note a sharp drop in the estimated
power. This drop occurs as noise gives way to signal and is there-
fore where we wish to set A.

The power of the decision rule Eq. 3 (main text) is given as

mi(a — ag.tiv;A) =1 —-Pr{T,; >t,, and

Ty; S ti_gula — o7V}

Under the assumption that @; —q, follows a normal distri-
bution N(o; — ay,7;), the vector (T ;,Ty;) has a bivariate non-
central ¢-distribution with v degrees of freedom and noncen-
trality parameters &, ;(A) = (o —ay+ A)/7; and & ;(A) =
(@ —apg— A)/7; (5).

We estimate the power at the estimated effect size; i.e., eval-
uate ;(&; — a,s;,v; A). This estimated power is a nonincreasing
function of A. For each case-control group and for each analyte,
the largest A is chosen (A") below which the average estimated
power (overi = 1,.....,N) is greater than a threshold. The median
of the A*s over the analytes is computed and denoted by A*. Then
the threshold is varied and the medians A* are plotted. We find
the inflection point of the plotted curve and use the value of
the threshold that yields the inflection point. This threshold in
turn determines A* for each analyte in each case-control group
(Fig. S7).

4. Tusher VG, Tibshirani R, Chu G (2001) Significance analysis of microarrays applied to
the ionizing radiation response. Proc Nat’l Acad Sci USA 98:5116-5121.

5. Phillips KF (1990) Power of the two one-sided tests procedure in bioequivalence.
J Pharmacokinet Phar 18:137-144.
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Fig. S1. Quantile-quantile plots of typical xMap bead fluorescence intensity (FI) data, shown for 21 standard analytes. Straight lines (red) represent the stan-
dard normal distribution.

EOTAXIN
S1 S2 s3 S4 S5 S6 S7
o 1 1 1 1 1 1 !
o
3 o
(o)
o ' :
1= 1
> S I
= o 1 '
é‘ - _ ' :
g ' i !
E ! . -
@ \ '
g ' :
8 : .
17] 1
o ' >
g 3 :
£ g g :
= ? ! : :
- LB
D B e I — —— -
T T T T T
1 10 100 1000 10000

concentration (pg/ml)

Fig. S2. Typical scale of xMap bead fluorescence intensity data for eotaxin. The standard concentration levels are 1.22, 4.88, 19.53, 78.12, 312.5, 1,250, and
5,000 pg/mL; x4 diluted seven times. The range of data is depicted as the box-and-whisker plot. Also shown are the MFIs in repeat wells (blue dots) and the
confidence interval (dashed curves) of the standard curve (solid curve) fitted for the MFIs using a 4PL model (done with calib package [http://cran.r-project.org/
web/packages/calib/index.html] for R, The R Project for Statistical Computing).
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Fig. S4. Cytokines found to be differentially expressed by MFI t-tests but not SAxCyB. Experiment and hypotheses testing was done as described in Fig. 3C.
Hypotheses testing with t-tests on MFIs resulted in 12 cases that were significant (p < 0.05) by this method but not by SAxCyB. Fluorescence (top) and trans-
formed fluorescence (bottom) measurements of individual beads for all cases. Dots are MFI values. Blue—healthy controls, green—day zero patients, red—
month six patients. The data were overlaid for each well separately such that denser colors represent more measurements for that range.
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Fig. S5. Use of SAXCyB in analysis of cytokine stimulation assays. T cells from Fas~/~ or wild type mice were treated with cytokines (listed above) and synthesis
of cytokines (listed to the right) in these cells was measured. Treatments were done in four (IL-2, IL-12, IFNg, and TNFa) or three (IL-3) doses. Fraction of the
responding doses is shown. Data were generated from 80 wells for samples and 16 wells for the standard curve. The 80 wells were divided into two sets of 40,
where each set consists of one control (untreated) and 19 treatments in 4 or 3 doses, all technically repeated in duplicates. Twenty-one analytes were measured
per well. Each well contained 5,791 + 601 data points, each bead/well combination contained 276 + 79 events. (A) Cytokine expression data was analyzed using
median fluorescence intensity (MFI) and using all individual fluorescence data (t_MFI and t_fullFI respectively). (B) SAxCyB analysis of the same data and the
difference matrix of Fas~/~ minus (wild type). Asterisks mark cases where stimulus and response are the same cytokine (and therefore indistinguishable).
SAXCyB calls 238 differences (at the 0.05 significance level) compared to 38 and 44 found by commercial software (BeadView and MasterPlex QT respectively).

Many of the calls were for data at low MFIs.
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Fig. S6. Magnified view of Fig. 2B around the zero.
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Fig. S7. lllustration of A selection using the power estimated from the data. Estimated power is plotted as a function of A. Each color represents a difference
analyte in the assay. Increasing the threshold from Threshold 3 to Threshold 4 yields the largest change in A* and Threshold 3 is selected.
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Table S1. List of analytes used for the sensitivity analysis

Analyte FPR TPR FPR TPR FPR TPR

GM-CSF 0.0000 0.9789 0.0059 0.1354 0.3193  1.0000
ICAM-1 0.0000 0.8597 0.0068 0.1258 0.1433 0.9283
IFNa 0.0000 0.9727 0.0027 0.1288 0.2036  1.0000
IFNB 0.0000 0.9513 0.0005 0.2031 0.2063  0.9895
IL-17 0.0000 0.9800 0.0000 0.1225 0.3088 1.0000
IL-17F 0.0000 0.9602 0.0000 0.1816 0.1878 0.9927
IL-12p40 0.0000 0.9765 0.0000 0.1841 0.2862  1.0000
IL-12p70 0.0000 0.9912 0.0018 0.1220 0.3147 1.0000
IL-10 0.0000 0.9903 0.0050 0.1548 0.3574 1.0000
IL-8 0.0000 0.9881 0.0000 0.2432 0.2209  1.0000
IL-7 0.0000 0.9708 0.0000 0.1091 0.4395 1.0000
IL-6 0.0000 0.9769 0.0000 0.1036 0.3696  1.0000
IL-5 0.0000 0.9731 0.0000 0.1575 0.3279  1.0000
IL-4 0.0000 0.9822 0.0009 0.1463 0.4068 1.0000
IL-1a 0.0000 0.9752 0.0000 0.1241 0.4526  1.0000
IL-1b 0.0000 0.9816  0.0009 0.2330 0.3610  1.0000
LIF 0.0000 0.9846 0.0087 0.1663 0.2685 1.0000
MCP-1 0.0000 0.9414 0.0009 0.1194 0.2721  1.0000
MIG 0.0000 0.9708 0.0045 0.1573 0.3188  1.0000
MIP-1a 0.0000 0.9394 0.0000 0.1973 0.1937 1.0000
PAI-1 0.0000 0.9782 0.0032 0.1335 0.3728 1.0000
RANTES 0.0000 0.9590 0.0000 0.0924 0.3125 1.0000
SCF 0.0000 0.9721 0.0005 0.1333 0.3143  1.0000
sFas-L 0.0000 0.9782 0.0000 0.0857 0.3755 1.0000
TGFa 0.0000 0.9414 0.0032 0.1636 0.3175 1.0000
TGF-b 0.0000 0.9353 0.0009 0.2168 0.3719  1.0000
TNFa 0.0000 0.9897 0.0000 0.1239 0.3125 1.0000
TNFp 0.0000 0.9915 0.0027 0.1791 0.2485 1.0000
TRAIL 0.0000 0.9614 0.0005 0.2054 0.3052 0.9943
VCAM-1 0.0000 0.9433 0.0000 0.0641 0.3370 0.9773
VEGF 0.0000 0.9702 0.0000 0.0933 0.2277 1.0000
Eotaxin 0.0002 0.9435 0.0028 0.1176 0.2236  0.9527
HGF 0.0005 0.9630 0.0027 0.0970 0.3370 0.9989
sCD40L 0.0007 0.9384 0.0018 0.1189 0.3342 0.9711
M-CSF 0.0007 0.9699 0.0000 0.1831 0.3565 1.0000
FGF-Basic  0.0011 0.9371 0.0014 0.0995 0.2884  0.9551
MIP-18 0.0011 0.9569 0.0082 0.2043 0.2812  0.9986
IP-10 0.0014 0.9576  0.0009 0.1530 0.3288  1.0000
GRO« 0.0020 0.9034 0.0014 0.1742 0.2358 0.9890
Resistin 0.0023 0.9217 0.0000 0.0683 0.4005 0.9700
ENA-78 0.0029 0.8854 0.0014 0.1113 0.2458 0.9426
IL-13 0.0041 0.9774 0.0018 0.1487 0.2653 1.0000
IL-15 0.0057 0.9368 0.0050 0.1186 0.2073  0.9624
Leptin 0.0066 0.8722 0.0023 0.1192 0.2780 0.9277
G-CSF 0.0084 0.9402 0.0009 0.1637 0.2875 0.9583
IL-1Ra 0.0091 0.8913 0.0005 0.0716 0.3433  0.9393
IFNy 0.0111 0.9588 0.0000 0.1365 0.2785 0.9927
MCP3 0.0218 0.9468 0.0000 0.0847 0.3220 0.9682
IL-2 0.0240 09784 0.0018 0.0654 0.4408 1.0000
NGF 0.0247 0.9162 0.0005 0.1222 0.3324 0.9477
PDGF-BB 0.0683 0.9879 0.0077 0.1223 0.3501 1.0000

Analytes are sorted by the FPR of SAxCyB. All numbers are MCP-adjusted
at the nominal significance level 0.05. In the shaded area are the analytes
whose SAxCyB FPR is greater than 0.05. Also shown are a two-sample t-test
("t_MFI") that employs only MFIs (Median Fluorescence Intensities;
therefore two measurements for each instance) and a two-sample t-test
(“t_fullF1”) that employs all bead measurements and pools repeats. The
first reference is a common analysis method of xMap data and the
second is a naive use of all the individual bead measurements
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