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Abstract

Motivation: High through-put mass spectrometry (MS) is now being used to profile small molecu-

lar compounds across multiple biological sample types from the same subjects with the goal of

leveraging information across biospecimens. Multivariate statistical methods that combine infor-

mation from all biospecimens could be more powerful than the usual univariate analyses.

However, missing values are common in MS data and imputation can impact between-

biospecimen correlation and multivariate analysis results.

Results: We propose two multivariate two-part statistics that accommodate missing values and

combine data from all biospecimens to identify differentially regulated compounds. Statistical sig-

nificance is determined using a multivariate permutation null distribution. Relative to univariate

tests, the multivariate procedures detected more significant compounds in three biological data-

sets. In a simulation study, we showed that multi-biospecimen testing procedures were more

powerful than single-biospecimen methods when compounds are differentially regulated in mul-

tiple biospecimens but univariate methods can be more powerful if compounds are differentially

regulated in only one biospecimen.

Availability and Implementation: We provide R functions to implement and illustrate our method

as supplementary information.

Contact: sltaylor@ucdavis.edu

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

High through-put mass spectrometry (MS) is now widely used to

analyze small molecular compounds such as metabolites, lipids, pro-

teins and glycans in biological samples. By being able to profile 100s

to 1000s of compounds simultaneously, MS can advance identifica-

tion of compounds for therapeutic targets and clinical tests, both

diagnostic and prognostic, as well as discern biological pathways.

A natural progression in the application of MS technology is to col-

lect and analyze multiple sample types (herein referred to as ‘bio-

specimens’) from the same subjects (e.g. serum, plasma, tissue and

urine) (Chen et al., 2012; Jordan et al., 2010; Yonezawa et al.,

2013). Combining information from multiple biospecimens could

enhance identification of interesting compounds and improve under-

standing of physiological process.
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When omics data are obtained for multiple biospecimens from

the same subject, analyses typically are conducted for each biospeci-

men separately and then results qualitatively compared across the

biospecimens (Austdal et al., 2014; Ganti et al., 2012; Witowski

et al., 2015; Yonezawa et al., 2013). However, multiple samples

from the same subject are correlated and individually analyzing each

biospecimen does not take advantage of this correlation.

Multivariate analysis methods that integrate information from all

biospecimens can be more powerful than univariate analyses

(Taylor et al., 2016).

MS studies commonly have a large amount of missing data (see

e.g. Hrydziuszko and Viant, 2011; Wang et al., 2012; Webb-

Robertson et al., 2015) which presents a significant challenge for

statistical analysis (see e.g. Clough et al., 2009). Analysis of such

datasets can follow one of two approaches of either eliminating miss-

ing values prior to analysis or using methods that integrate missing

values in the testing procedure. Strategies for eliminating missing val-

ues include removing individual compounds or samples with missing

values and/or imputing the missing values. A common approach is to

eliminate individual compounds with missing values greater than a

pre-selected exclusion threshold, and then to impute any remaining

missing values. This manipulation yields a complete dataset to which

standard statistical methods can be applied. Several imputation tech-

niques have been shown to perform adequately for single biospeci-

men analyses for up to about 20% missing data (Gromski et al.,

2014; Hrydziuszko and Viant, 2011). However, for multiple

biospecimen investigations, we recently showed that a wide range of

imputation methods result in substantial changes to the between-

biospecimen correlation and multivariate analysis of variance

(MANOVA) inferential results, particularly when large amounts of

missing data are present (Taylor et al., 2016).

The second approach entails using statistical methods that allow

for missing values. Several statistical methods accommodate missing

data and have been applied to MS data including accelerated failure

time models (Tekwe et al., 2012), two-part models (Taylor and

Pollard, 2009) and mixture models (Karpievitch et al., 2009; Taylor

et al., 2013). The assumptions about the missing value mechanisms

differ among these methods and as a consequence, missing values

are modeled in different manners. Accelerated failure time models

come from survival analysis (Klein and Moeschberger, 2003) and as-

sume that missing values represent compounds that are present in

the sample but censored at concentrations below the detection limit.

In two-part models, all missing values are modeled as a ‘point-mass’,

typically at zero, and a compound’s distribution is characterized by

the proportion of observations in the point-mass representing the

proportion of missing values and the distribution of the observed

values (Taylor and Pollard, 2009). These models jointly test for a

difference in the proportion of missing values and a difference in the

means of the continuous components (Lachenbruch, 2001). Mixture

models combine elements from survival analysis and two-part mod-

els by modeling missing values as a combination of censored values

and the absence of a compound represented as a point-mass at 0

(Karpievitch et al., 2009; Taylor et al., 2013). These methods have

only been used for single biospecimen analyses and few methods

suitable for multivariate analysis of data with missing values have

been developed. Farcomeni (2016) developed a two-part MANOVA

test for multivariate lognormal data with a spike at zero. This pro-

cedure was applied to ecological data and while it could be applic-

able to omics data which are often assumed to be log-normally

distributed, it has not been evaluated in this context. Multivariate

extensions of Gehan and logrank tests for survival analysis have

been developed (Wei and Lachin, 1984) and Thulin (2016) adapted

these to left-censored data in a recent study evaluating several multi-

variate analysis procedures for data with detection limit censoring.

We present a multivariate analytical approach that leverages sig-

nals from compounds in all biospecimens. Our method allows for

and actually exploits missing values as part of each compound’s ‘sig-

nal’. By integrating missing values into our testing procedure, we

can rely on the true properties of the data at hand for analysis with-

out imputation. We show that our method yields higher power for

detecting differentially regulated compounds than single biospeci-

men methods while controlling the Type I error rate.

2 Methods

2.1 Test statistics and significance determination
In analyzing MS data to identify compounds differentially regulated

in response to an experimental factor the usual approach is to test for

differences in mean intensities between experimental groups.

However, when missing values are present, a compound’s observed

distribution consists of two components, the proportion of missing

observations and the distribution of the observed, continuous values.

Missing values in mass spectrometry arise for multiple reasons includ-

ing randomly due to technical issues but also due to the occurrence of

compounds at concentrations below a pre-determined threshold or by

truncation based on a signal-to-noise ratio. Webb-Robertson et al.

(2015) and Hrydziuszko and Viant (2011) both showed that the pro-

portion of missing values increases with declining peak abundance

suggesting some detection limit censoring. For missing values arising

from detection limit censoring, the unobserved values are small and

would decrease the mean if they had been observed. When missing

values result from censoring, both the distribution of observed values

and the proportion of missing values are informative with respect to

identifying differentially regulated compounds.

We propose to use two-part statistics to exploit information in

both the continuous and binary components of MS data with missing

values. We address the common inferential testing framework of

identifying compounds that are significantly differentially regulated

between two experimental groups. For a single biospecimen, a two-

part statistic tests the following null hypothesis for each compound, g

Ho : l1 � l2ð Þ � h ¼ 0 and p2 � p1ð Þ � s ¼ 0 (1)

against the alternative hypothesis

Ha : l1 � l2ð Þ � h 6¼ 0 or p2 � p1ð Þ � s 6¼ 0 (2)

where l1 and l2 are the means of the non-missing observations for

the cases and controls, respectively, p1 and p2 are the respective pro-

portions of missing values and h and s are known constants, usually

taken as 0. In our approach, we combine biospecimen-specific test

statistics across two or more biospecimens to test the joint null

hypothesis

Ho :
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where m indexes the biospecimen.

We construct our test statistic as follows. Consider a compound

g in biospecimen m. For simplicity, let Zgm ¼ �y1� �y2ð Þ
SE �y1 � �y2ð Þ

where �y1 is

the mean of observed values for the cases group of compound g in

biospecimen m, �y2 is the mean of compound g in biospecimen m of

2 S.L.Taylor et al.
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the control group and SE �y1� �y2ð Þ is the pooled standard error of the

difference in means. With this formulation, positive values for Zgm

indicate the compound is up-regulated in cases. For compounds

with missing values, we also calculate Bgm ¼
bp2�bp1

� �
SE bp2 �bp1

� � where cp1 is

the proportion of missing values in the cases, cp2 is the proportion of

missing values in the controls for compound g in biospecimen m,

and SE bp2�bp1

� � is the pooled standard error of the difference in pro-

portions. Note here that positive values of Bgm indicate that the

cases have fewer missing values than the controls. A two-part test

statistic is then calculated for each compound in each biospecimen

by combining the two component pieces, Tgm ¼ Zgm þ Bgm

(Lachenbruch, 2001). To test whether compound g is differentially

regulated considering all biospecimens, we sum the individual bio-

specimen test statistics to yield a multi-biospecimen test statistic

Tg ¼
P

mTgm.

In MS studies, missing values arise from random and

non-random mechanisms. Our approach does not assume a single,

specific missing data mechanism. We account for random missing

and censoring in how we construct test statistics. If missing values

arise from censoring then the experimental group with the smaller

mean will typically have more missing values. We construct our test

statistic such that larger statistic values are obtained when the group

with the higher mean also has fewer missing values indicative of a

situation where left censoring resulted in missing values (i.e. positive

values for Zgm and Bgm signify up-regulation in cases). If missing val-

ues arise randomly with respect to compound levels, all experimen-

tal groups will be equally impacted and (i) the proportion of missing

values will not differ between groups, and (ii) the true means of the

experimental groups will not be biased by missingness. In our test

statistic, the expected value of the binomial component would be 0

indicating no difference in the proportion of missing values and the

test statistic would be determined by the mean component. In this

situation, the mean test component will remain unbiased for the true

difference in means. Thus, while we do not explicitly assume and in-

corporate a particular missing value mechanism, our method

encompasses different mechanisms.

The Tg test statistic is sensitive to the direction of the differences

within and between biospecimens. Within a biospecimen, consonant

differences occur when the group with the higher mean has fewer

missing values; this situation would be reflective of missing values rep-

resenting small values. Dissonant differences occur when the group

with the larger mean has more missing values. Given the way we con-

struct the test statistics, consonant differences increase Tg

�� �� while dis-

sonant differences decrease Tg

�� ��. Between biospecimens, we define

consonant between-biospecimen mean and proportion differences as

when the differences in means and proportions of the two groups are

in same direction in each biospecimen, respectively while dissonant

differences occur when the difference in means or proportions are in

different directions in different biospecimens. It is important to recog-

nize that Tg

�� �� increases with consonant biospecimen differences and

decreases with dissonant biospecimen differences. As a result, for

compounds that are differentially regulated in opposite directions be-

tween biospecimens (i.e. dissonant difference), Tg can be non-

significant even if there are significant within biospecimen differences

due to the single-biospecimen components cancelling each other.

Alternatively we can construct a test statistic that is only sensi-

tive to the magnitude of the differences in means and proportions of

missing values and not the direction, T2
gm ¼ Z2

gm þ B2
gm. To test

whether compound g is differentially regulated, we again sum the

individual biospecimen test statistics to obtain the multi-

biospecimen test statistic, T2
g ¼

P
mT2

gm. This test statistic evaluates

whether the means and proportions differ between experimental

groups irrespective of whether the differences are consonant or dis-

sonant within or between biospecimens.

For both multi-biospecimen statistics, the null distributions are

unknown. Thus, we use a multivariate permutation procedure to ob-

tain the null distribution of the multi-biospecimen test statistics and

determine significance (Pesarin, 2001). We permute class labels and

recalculate the biospecimen-specific and multi-biospecimen test stat-

istics. This approach preserves the within-subject correlation struc-

ture across the biospecimens for each compound and avoids the

difficulty of defining a parametric null distribution. Further, it is

suitable for small sample sizes for which asymptotic distributional

assumptions might not be appropriate. R code to implement our

method is provided in Supplementary Information.

2.2 Biological datasets
We evaluated our proposed method in three biological datasets: (i)

Lung Cancer Serum/Plasma glycomics data (LC-SP), (ii) Lung

Cancer Serum/Plasma/Dried Blood glycomics data (LC-DBS) and

(iii) Renal Cell Carcinoma Xenograft metabolomics data

(Xenograft). These datasets are provided as supplemental informa-

tion. For comparison to our proposed multi-biospecimen statistics

(Tg and T2
g), we also evaluated differential regulation in each biospe-

cimen independently using two-sample t-tests of observed values

only, and both two-part statistics (Tgm and T2
gm). A Bonferroni

adjustment was applied to single biospecimen P-values to maintain

the type I error rate at 0.05 across biospecimens for a compound.

For all statistics, we used 5000 permutations for the null distribution

to determine significance.

2.2.1 Renal cell carcinoma xenograft metabolomics

A metabolomics study of tissue, serum and urine was conducted of

renal cell carcinoma using xenograft and sham surgery control mice.

Human Caki-1 cells were xenografted into seven nude mice and

seven mice were subjected to sham surgery. All mice were sacrificed

34 days after surgery when the xenografted animals became mori-

bund. Terminal serum was collected, and tumor (from xenografted

animals) and normal kidneys (from sham surgery animals) were

removed for tissue analysis. Urine was collected 32 days after sur-

gery (2 days before sacrifice). Non-targeted metabolomics was ac-

complished using three different platforms: ultra-high performance

liquid chromatography/tandem mass spectrometry (UHLC/MS/

MS2) optimized for basic species, UHLC/MS/MS2 optimized for

acidic species, and gas chromatography/mass spectrometry (GC/

MS). Equal masses of tissue samples were used in chromatographic

analysis. Detailed information on the experimental procedures and

metabolomic platforms were previously described in detail (Ganti

et al., 2012). To illustrate our method, we retained 100 compounds

detected in at least one sample in each biospecimen for analysis. For

the differential analysis, intensity values were log2 transformed, cen-

tered at a mean of 0 and scaled to a variance of 1 to ensure all biolo-

gical samples were similarly scaled.

2.2.2 Lung cancer serum and plasma glycomics

Blood samples (serum and plasma) were collected from 43 subjects

diagnosed with non-small cell lung cancer (NSCLC) adenocarcin-

oma and 43 healthy controls recruited over a 4 year period (2010–

2014) from the UC Davis Medical Center and Cancer Center

Clinics. Cancer patients were frequency matched with controls for

Multivariate two-part statistics 3
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gender, age and smoking history. Glycomics analysis was performed

by enzymatic release of the N-glycans followed by purification and

subsequent analysis using an Agilent nanoLC coupled to an Agilent

time-of-flight (TOF) mass spectrometer equipped with a Chip-cube.

Glycan separation was performed using a porous graphitized carbon

stationary phase on a chip. Further information on sample process-

ing, the mass spectrometric analysis and additional data processing

approach is contained in (Kim et al., 2014; Ruhaak et al.,

2013).Within each biospecimen, the data were total quantity nor-

malized and intensity values were then log2 transformed. Intensity

values were adjusted for age, gender and smoking history using lin-

ear regression and the residuals, scaled to a variance of 1, used in

the differential analysis. In order to have a sufficient number of ob-

servations to adjust for covariates, we restricted the analysis to 253

glycans detected in at least 3 samples in each biospecimen and in

each cancer group.

2.2.3 Lung cancer blood glycomics

Serum, plasma and dried blood spots were obtained from 10 subjects

with NSCLC adenocarcinoma and 10 healthy controls matched for

gender, age and smoking history. Glycomics analysis was performed

using nLC-TOF-MS as described in the previous section. Collection,

processing and analysis of serum and plasma samples is described in

more detail in Kim et al. (2014), Ruhaak et al. (2013) and in Ruhaak

et al. (2012) for the dried blood samples. Within each biological

biospecimen, the data were total quantity normalized and intensity

values were then log2 transformed. Intensity values were further ad-

justed for age, gender and smoking history using linear regression

and the residuals, scaled to a variance of 1 used in the differential

analysis. In order to have a sufficient number of observations to ad-

just for covariates, we restricted the analysis to 62 glycans detected

in at least 3 samples in each biospecimen and in each cancer group.

2.3 Simulations
Simulations were conducted to assess the power and type I error of

these procedures under a variety of known conditions including the

degree of correlation between biospecimens, the number of biospeci-

mens in which a compound is differentially regulated, and the mag-

nitude and directions of the effect sizes. We simulated two possibly

correlated variables such as would occur with samples of multiple

biospecimens (e.g. plasma and serum) obtained from each patient.

For all simulations we considered two groups, cases and controls,

with 20 subjects in each group.

Data for the controls and cases were simulated from bivariate

normal distributions. For the controls both variables had a mean of

0 and variance of 1. For the cases, data were simulated under two

general settings—(i) differences in means between cases and controls

in only one of the biospecimens (D1 6¼0 and D2¼0) and (ii) differ-

ences in means between cases and controls in both biospecimens

(D1 6¼0 and D2 6¼0). We considered both consonant and dissonant

mean differences (Table 1). Consonant mean differences are when

cases differ from controls in the same direction in both biospeci-

mens, e.g. the compound shows higher abundance levels in the dis-

ease group in both plasma and serum as compared to the non-

disease group. Dissonant mean differences are when cases differ

from controls in opposite directions, e.g. a compound shows higher

abundance in the disease group in tissue but lower abundance in

blood. A range of correlations between the biospecimens was eval-

uated, specifically 60.75, 60.5, 60.25 and 0. The correlation indi-

cates the direction and strength of the relationship of compound

levels in two biospecimens from the same subject. For a compound

with positive correlation between two biospecimens, subjects with

high values in one biospecimen will tend to have high values in the

other biospecimen, relative to the mean. Conversely, with negative

correlation, compounds with high values in one biospecimen will

tend to have low values in the other biospecimen relative to the

mean. The correlation does not affect the direction or magnitude of

the mean differences between cases and controls. To assess the type

I error rate, we also simulated data under a null distribution of no

difference in means in either biospecimen.

We first simulated data with no missing values in which case the

Bgm component of the two-part statistics was 0. Then, we simulated

datasets with 10%, 25% and 50% missing values. We induced miss-

ingness through a restricted random sampling procedure similar to

Scheel et al. (2005). In this approach, values below a pre-determined

threshold were randomly selected and set to missing. To generate

10% total missing, intensity values below the 25th quantile of each

biospecimen were randomly selected and set to missing. To generate

25% missing, we sampled below the 50th quantile and for 50% we

sampled from values below the 75th quantile. With this approach,

lower values were more likely to be missing but a degree of random-

ness was retained thus mimicking the dynamics of biological datasets.

For each set of simulation parameters, we generated 10 000 data-

sets consisting of controls and cases and tested for differences be-

tween cases and controls using single biospecimen tests (two-sample

Table 1. Means for simulated cases data for simulations with two

biospecimens

One biospecimen differs Both biospecimens differ

Biospecimen 1 Biospecimen 2 Biospecimen 1 Biospecimen 2

0.75 0 0.75 0.75

1.0 0 0.75 1

�0.75 0 1 1

�1.0 0 0.75 �0.75

0.75 �1

1 �1

Note that the means of the controls are set to zero.

Table 2. Percentage of compounds with consonant differences (%

Cons) within and between biospecimens

Within biospecimen % Cons Between biospecimens % Consonant

Mean Prop.

LC_SP

Plasma 69 Plasma–Serum 60 75

Serum 69

LC_DBS

Plasma 97 Plasma–Serum 81 98

Serum 94 Plasma–Dried Blood 65 92

Dried Blood 81 Serum–Dried Blood 55 89

Xenograft All Three 50 86

Tissue 100 Tissue–Serum 69 98

Serum 92 Tissue–Urine 64 100

Urine 99 Serum–Urine 66 99

All three 49 97

Consonant differences within biospecimens indicate that the experimental

group with the higher mean of observed values has fewer missing values.

Between biospecimens, percent consonant is the percentage of compounds for

which the differences in means or proportions of missing values between ex-

perimental groups are in the same direction for two biospecimens.

4 S.L.Taylor et al.
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t-tests and two-part statistics) and our proposed multi-biospecimen

test statistics. An a-level of 0.05 was used to determine significance

for the multi-biospecimen test statistics. For the single biospecimen

tests, significance of a given compound was determined using an a-

level of 0.025 in order to maintain the family-wise type I error rate

at 0.05. We compared power of the procedures with power defined

as the proportion of the simulated datasets for which each test was

significant. Significance was determined using multivariate permuta-

tion null distributions consisting of 5000 permutations.

3 Results

3.1 Biological datasets
3.1.1 Data characteristics

The percentage of missing values for a given compound ranged from

0 to 90% across the three datasets thus covering a wide range of

missing values (Supplemental Table S1). All combinations of correl-

ations (positive and negative) between biospecimens, and mean and

proportion differences (consonant and dissonant differences within

and between biospecimens) occurred in these datasets

(Supplemental Table S1). The majority of compounds were posi-

tively correlated between biospecimens, but, negative correlations

occurred as well (Supplemental Table S1). Within each biospecimen,

most compounds displayed consonant differences in terms of the

means and proportions (Table 2). Between pairs of biospecimens,

mean and proportion differences also were in the same direction for

the majority of compounds. Figure 1 displays mean and proportion

differences within and between serum and plasma for the LC-SP

dataset to illustrate the possible patterns of differences.

3.1.2 Differential analysis results

For all datasets, the multi-biospecimen statistics always identified

more significant compounds than found in any one biospecimen

with the single-biospecimen statistics (Table 3). For example, for

LC_SP, the two multi-biospecimen statistics identified 30 significant

compounds as compared to fewer than 20 in plasma or serum indi-

vidually (Table 3). The multi-biospecimen methods also identified

some compounds as significant that none of the single-biospecimen

methods did. For LC_DBS, LC_SP and Xenograft datasets there

were eight, nine and six such compounds (Fig. 2). Conversely, a few

compounds in each dataset were found to be differentially regulated

in only one biospecimen by one or more of the single-biospecimen

methods but were not significant based on either multi-biospecimen

statistic (Fig. 2, Supplemental Table S2).

The two multi-biospecimen test statistics identified most of the

same compounds as significant but for all datasets, there were some

compounds identified as significant with one of the multi-

biospecimen test statistics but not the other (Fig. 2). For LC_SP,

eight compounds significant with Tg were not significant with T2
g

and eight other compounds were significant with T2
g but not Tg (Fig.

2, Supplemental Table S2). Similarly for LC_DBS, four compounds

were significant with Tg and four with T2
g that were not significant

by the other multi-biospecimen test statistic; with the Xenograft

data these numbers were 7 and 10. The compounds that were sig-

nificant with T2
g and not with Tg had dissonant differences within

and/or between biospecimens whereas those significant with only Tg

had consonant differences (Supplemental Table S2).

3.2 Simulation study results
3.2.1 Characteristics of simulated datasets

In our simulations, the group with the smaller mean usually had

more missing values resulting in consonant differences in means and

proportions within a biospecimen (Supplemental Tables S3–S5). In

simulations with the group means differing in both biospecimens,

between-biospecimen differences were mostly consonant when

group differences were positive in both biospecimens but dissonant

Fig. 1 Characteristics of the LC-SP glycomics dataset. Within-biospecimen dif-

ferences in means and proportions of missing values in (A) serum and (B)

plasma. Between biospecimen comparisons of differences between cancer

and control subjects for (C) means and (D) proportion of missing values in

serum and plasma. Mean differences were standardized by dividing by the

pooled standard error. For the within biospecimen comparisons (A and B),

filled circles highlight compounds with dissonant differences meaning that

the group with the higher mean has more missing values. For the between

biospecimen comparisons (C and D), filled circles indicate dissonant differ-

ences between biospecimens meaning that the direction of mean (C) or

proportion (D) differences are in opposite directions in the two biospecimens.

Fig. 2 Number of significant compounds detected by Tg ðMulti TÞ; T 2
gm ðMulti

T2Þ and single biospecimen methods ðTgm or T 2
gm or t-statistics). Single bio-

specimen numbers indicate a significant P-value for at least one biospecimen

based on at least one single biospecimen test. (A) Lung cancer dried blood gly-

comics dataset (LC_DBS), (B) renal cell carcinoma metabolomics dataset

(Xenograft) and (C) lung cancer serum/plasma glycomics dataset (LC_SP).
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when effects were in different directions in the two biospecimens.

For simulations with one null biospecimen, mean differences in the

null biospecimen fluctuated around zero resulting in consonant

between-biospecimen differences approximately 50% of the time.

3.2.2 Type I error rates

All test statistics controlled the type I error rate. The correlation

between the two biospecimens did not substantially affect the error

rates nor did the proportion of missing values (Supplemental

Table S6).

3.2.3 Power when cases differ in both biospecimens

In our simulations of datasets with mean differences in both biolo-

gical biospecimens, we considered both consonant and dissonant

group differences between biospecimens. For data simulated with

consonant between-biospecimen mean differences, both multi-

biospecimen test procedures had higher power than any of the single

biospecimen statistics for all correlations at 10% and 25% missing

values (Fig. 3, Supplemental Table S6). At 50% missing, Tg contin-

ued to have higher power than any of the single biospecimen test

statistics but power of T2
g fell below that of the single biospecimen

Tgm statistic. Notably, both single-biospecimen two-part tests were

more powerful than t-tests.

Comparing the two multi-biospecimen tests, Tg always had

higher power than T2
g when between-biospecimen differences were

consonant. The magnitude of the difference in power between these

two statistics depended on the correlation which affected the power

of Tg more than T2
g . The between-biospecimen correlation influences

the power of Tg by impacting its variance. When the biospecimens

are negatively correlated, the variance of Tg is reduced relative to

the variance when the biospecimens are positively correlated or inde-

pendent. However, the expectation of Tg for a given difference in

means and proportions remains the same regardless of the

correlation. As a result of the smaller variance but equal expectation

of Tg, the null hypothesis is more likely to be rejected with Tg for

negatively correlated biospecimens than for positively correlated bio-

specimens (Fig. 4).

When cases differed from controls in opposite directions in the

two biospecimens (i.e. dissonant between-biospecimen differences),

the dynamics changed. The power of Tg was substantially reduced

as the sum of the test statistics from the two biospecimens offset

each other and yielded a small test statistic that resulted in this test-

ing procedure having the lowest power of any procedure (Fig. 3,

Supplemental Table S6). The relative power of T2
g to the single bio-

specimen tests also changed slightly from that seen with consonant

between-biospecimen differences. T2
g remained more powerful than

all single biospecimen procedures at 10% missing and more power-

ful than t-tests and the single-biospecimen T2
gm test at 25% and 50%

missing but the single biospecimen Tgm was more powerful at 25%

missing in addition to 50% missing values.

Qualitatively, all procedures (both single and multi-biospecimen

procedures) were similarly affected by the between-biospecimen cor-

relation. When mean differences were consonant between biospeci-

mens, all procedures had greater power for negatively correlated

biospecimens than positively correlated biospecimens. These pat-

terns were reversed when between-biospecimens differences were

dissonant, meaning that power was greater for positively correlated

biospecimens than for negatively correlated biospecimens.

Table 3 Number of significantly differing compounds in three biolo-

gical omics datasets using single-biospecimen two-part statistics

(Tgm and T 2
gm), multi-biospecimen two-part statistics (Tg and T 2

g )

and t-statistics

Test statistics

Dataset/Biospecimen

(n ¼ # compounds)

Tgm or Tg T2
gm or T2

g t-statistic

LC_SP (n ¼ 253)

Serum 18 19 19

Plasma 10 10 7

Multi-biospecimen 30 30 –

LC_DBS (n ¼ 62)

Serum 22 17 15

Plasma 16 15 15

Dried Blood 1 1 1

Multi-biospecimen 28 28 –

Xenograft (n ¼ 100)

Tissue 60 61 63

Serum 18 18 20

Urine 8 8 8

Multi-biospecimen 68 71 –

For the single biospecimen assessments, a Bonferroni adjustment was used

to account for testing multiple biospecimens.

Fig. 3 Power of T 2
gm , (Multi T2), Tg (Multi T), T 2

gm ðSingle T2Þ; Tgm (Single T)

and t-tests (Single t-test) procedures when cases differ from controls in both

biospecimens based on 10 000 simulated datasets. Data were simulated from

a bivariate normal distribution. Controls had a mean of 0 in both biospeci-

mens while cases had a mean of 0.75 in one biospecimen and 0.75

(D1 ¼ 0:75; D2 ¼ 0:75) or -0.75 (D1 ¼ 0:75; D2 ¼ �0:75) in the other. The

variances were 1 and between biospecimens correlations were 0.75, 0.25, 0,

�0.25, �0.75. Sample size in each group was 20. Missing values were

induced to result in (A) 10%, (B) 25% and (C) 50% missingness. For the single

biospecimen statistics (t-test, Tgm and T 2
gm) power reflects rejection of the null

hypothesis in either biological biospecimen at a significance level of 0.025.

6 S.L.Taylor et al.

 at U
niversity of C

alifornia, D
avis on D

ecem
ber 20, 2016

http://bioinform
atics.oxfordjournals.org/

D
ow

nloaded from
 

Deleted Text: <italic>&hx2003;</italic>
Deleted Text: <italic>E</italic>
Deleted Text: <italic>R</italic>
Deleted Text: <italic>4</italic>
Deleted Text: <italic>&hx2003;</italic>
Deleted Text: <italic>W</italic>
Deleted Text: <italic>C</italic>
Deleted Text: <italic>D</italic>
Deleted Text: <italic>B</italic>
Deleted Text: <italic>B</italic>
Deleted Text:  
Deleted Text: Figure 
Deleted Text: -
Deleted Text: -
Deleted Text: Figure 
Deleted Text: ,
Deleted Text: Figure 
Deleted Text: -
Deleted Text: -
Deleted Text: -
Deleted Text: -
http://bioinformatics.oxfordjournals.org/


3.2.4 Power when cases differ in only one biospecimen

In addition to simulating data with group differences in both biospe-

cimens, we simulated data with group differences in only one biospe-

cimen. In contrast to the findings when groups differed in both

biospecimens, in this situation, the single biospecimen two-part tests

had higher power than the T2
g multi-biospecimen procedure at all lev-

els of missing values and correlations (Fig. 5; Supplemental Table S6).

The single biospecimen two-part tests also had higher power than Tg

except when the biospecimens were strongly negatively correlated. As

explained above, the variance of Tg is smaller for negatively corre-

lated biospecimens than positively correlated biospecimens resulting

greater power for a given effect size. Because the T2
g statistic combines

information from both biospecimens, when cases differ from controls

in only one of the biospecimens, the combined effect across the two

biospecimens is reduced, resulting in lower power relative to the

single-biospecimen tests. Although T2
g was less powerful than the sin-

gle biospecimen tests, in contrast to the findings when groups differed

in both biospecimens, T2
g was more powerful than Tg except for

strongly negatively correlated biospecimens.

4 Discussion

We investigated combining two-part statistics across biospecimens

for identifying differentially regulated compounds measured through

MS. The value of our approach is that it retains and uses information

from all samples/biospecimens even if there are large numbers of

missing values. By combining the test statistics from all biospecimens,

we leveraged the evidence available from all biospecimens which

increased statistical power relative to single biospecimen procedures

under some circumstances. Although we focused on MS studies, our

general approach is applicable to any other ‘omics data types, such as

genomic data or Copy Number Variation (CNV) data, in which miss-

ing values and/or censored values are present and multiple samples

are taken per subject. While we used a t-statistic for Zgm, alternative

test statistics for comparing measures of central tendency (e.g. means

or medians) can be substituted for Zgm to reflect the underlying data-

generating distribution.

An alternative approach to analyzing multi-biospecimen data is

to use multivariate analysis of variance. This method cannot

accommodate missing values and thus is limited to compounds

detected in all samples or necessitates imputing missing values. We

previously reported that several imputation methods substantially

impact inferential results of MANOVAs particularly when large

amounts of missing values were present (Taylor et al., 2016).

Therefore, methods accommodating missing values are desirable. In

this content, our proposed method is a valuable addition in testing

multiple biospecimens simultaneously with missing values.

We found both multi-biospecimen test statistics to identify more

differentially regulated compounds than any individual single-

biospecimen test. Through analysis of biological datasets and simu-

lations, we found the multi-biospecimen Tg testing procedure to be

more powerful than all single-biospecimen methods considered

when compounds are differentially regulated in the same direction

in multiple biospecimens. Under this condition, T2
g also is generally

more powerful than single-biospecimen methods. However, if com-

pounds are differentially regulated in different directions, Tg has

low power, while the T2
g yields the highest power. Thus, in general,

the multi-biospecimen procedures are more powerful if compounds

are differentially regulated in multiple biospecimens. If however, a

Fig. 5 Power of T 2
gm , (Multi T2), Tg (Multi T), T 2

gm ðSingle T2Þ; Tgm (Single T)

and t-tests (Single t-test) procedures when cases differ from controls in only

one of two biospecimens based on 10 000 simulated datasets. Data were

simulated from a bivariate normal distribution. Controls had a mean of 0 in

both biospecimens while cases had a mean of 1.0 in one biospecimen and 0

in the other. The variances were 1 and between biospecimens correlations

were 0.75, 0.25, 0, �0.25 and �0.75. Sample size in each group was 20.

Missing values were induced to result in (A) 10%, (B) 25% and (C) 50% miss-

ingness. For the single-biospecimen statistics power reflects rejection of the

null hypothesis in either biospecimen at a significance level of 0.025.

Fig. 4 Hypothetical distribution of Tg under the null hypothesis and alterna-

tive hypothesis when two biospecimens are positively (A) and negatively (B)

correlated. In this hypothetical setting, data are assumed to arise from a bi-

variate normal distribution representing two biospecimens in which controls

have a mean of 0 in both biospecimens while cases have a mean of 0.75 in

one biospecimen and 0 in the other. The variances are 1 and the between bio-

specimen correlations are 0.75 and -0.75. There are no missing values in this

example. In this setting, VarðTgÞ is 3.5 for the positively correlated biospeci-

mens and 0.5 for the negatively correlated biospecimens. The E Tg

� �
is 0

under the null hypothesis and 2.37 under the alternative hypothesis. Vertical

dashed lines indicate critical values for a two-sided test at a significance level

0.05. Because of the smaller variance when biospecimens are negatively cor-

related, a larger portion of the alternative distribution exceeds the critical val-

ues than for positively correlated biospecimens leading to increased power.
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compound is differentially regulated in only one of the biospeci-

mens, single biospecimen methods can be more powerful.

In our biological data examples, most compounds had consonant

differences within and between biospecimens and the multi-

biospecimen methods identified more significantly different com-

pounds than any single biospecimen method. Although the two

multi-biospecimen methods identified most of the same compounds,

for all of the datasets, there were some compounds found to be sig-

nificant with only one method. Compounds identified as significant

by Tg and not T2
g typically had consonant differences with negative

between-biospecimen correlations. The simulations showed Tg to be

more powerful in this setting. In contrast, compounds identified as

significant with T2
g and not Tg had dissonant differences between

and within biospecimens which was consistent with the simulation

findings. All of the testing procedures evaluated here, both the multi-

and single-specimen methods, evaluated the differences in means be-

tween groups which could be sensitive to extreme values. Because

means can be strongly affected by extreme values, investigators may

need to employ methods to assess their influence on estimation.

The choice of test statistic Tg or T2
g depends on the objectives of

the particular experiment. If, for example, the primary objective of

an experiment is to identify promising biomarkers in blood, an in-

vestigator might only be interested in compounds that are differen-

tially regulated in the same direction in both plasma and serum. In

contrast, in studies looking at varied biospecimens such as tissue,

serum and urine, compounds of interest could be differentially regu-

lated in different directions and identifying compounds that are re-

sponding to disease or treatment irrespective of direction might be

the focus. In general, Tg is to be preferred when interest is in com-

pounds differentially regulated in the same direction in all or most

biospecimens. This statistic yielded the highest power in this situ-

ation and was less likely than other procedures to identify significant

results when (i) compounds are differentially regulated in different

directions in the biospecimens and (ii) compounds are differentially

regulated in only one of the biospecimens except if the biospecimens

are strongly negatively correlated (q� -0.5). If interest is in com-

pounds that differ in several biospecimens but the direction of the

regulation is not important or compounds could be regulated in dif-

ferent directions in different biospecimens, then T2
g is preferred.

Finally, we found single-biospecimen procedures to be most effective

for detecting compounds that differ in only one biospecimen. In this

setting the multi-biospecimen test statistics were dampened by the

biospecimen with small differences in means and proportions.

To determine significance of the multi-biospecimen test statistics,

we used a multivariate permutation. A resampling-based null distri-

bution was necessary because the null distributions of the two multi-

biospecimen test statistics are unknown, but this approach offered

several additional advantages. First, permutation null distributions

are useful for studies with small sample sizes where asymptotic as-

sumptions are questionable. Second, the multivariate permutation

procedure retains the between-biospecimen correlation structure.

Finally, it retains the within-biospecimen correlation structure and

estimates the joint distribution of the test statistics across all com-

pounds which can yield more powerful multiple testing procedures

(Ge et al., 2003). However, with very small sample sizes, the permu-

tation null distribution can be very discrete and p-values might not

be very decisive.

In this investigation, we compared two groups—cases versus

controls. The general approach of combining test statistics across

biological biospecimens and using a multivariate permutation null

distribution to determine significance can be extended to any num-

ber of experimental groups. For example, for each biospecimen a v2

test statistic can be calculated to assess differences in the proportion

of missing values across multiple groups. For mean differences

across experimental groups, a v2 test statistic could be calculated

based on a likelihood ratio test. These statistics can then be summed

within and between biospecimens to yield a multi-biospecimen test-

ing procedure. In evaluating multiple groups, constructing a mean-

ingful test statistic that is sensitive to the direction of the differences

would require some care.

Missing values are prevalent in mass spectrometry data. While

multiple strategies for handling missing values are available for

single-biospecimen analyses, extensions to multiple biospecimen

studies are less developed. Our multi-biospecimen two-part statistics

testing procedure incorporates missing values into the testing pro-

cedure thus avoiding dropping compounds with a large amount of

missingness and/or imputing missing values.

Funding

This work was supported by the National Institutes of Health [P01

AG025532 to K.K.], the National Center for Advancing Translational

Sciences, National Institutes of Health [UL1 TR001860], the UC Davis

MIND Institute Intellectual and Developmental Disabilities Research Center,

the National Institutes of Health [U54 HD079125] and Tobacco Related

Disease Research Program [20PT0034].

Conflict of Interest: none declared.

References

Austdal,M. et al. (2014) Metabolomic biomarkers in serum and urine in

women with preeclampsia. PLoS One, 9, e91923.

Chen,Y.J. et al. (2012) A study of human bladder cancer by serum and urine

metabonomics. Chin. J. Anal. Chem., 40, 1322–1328.

Clough,T. et al. (2009) Protein quantification in label-free LC–MS experi-

ments. J. Proteome Res., 8, 5275–5287.

Farcomeni,A. (2016) A MANOVA test for multivariate lognormal observa-

tions with a spike at zero, with application to ecological niches of South

Africa. Biomed. J., 58, 320–330.

Ganti,S. et al. (2012) Kidney tumor biomarkers revealed by simultaneous mul-

tiple matrix metabolomics analysis. Cancer Res., 72, 3471–3479.

Ge,Y. et al. (2003) Resampling-based multiple testing for microarray data ana-

lysis. Sociedad De Estadistica e Investigacion Operativa Test, 12, 1–77.

Gromski,P.S. et al. (2014) Influence of missing values substitutes on multivari-

ate analysis of metabolomics data. Metabolites, 4, 433–452.

Hrydziuszko,O. and Viant,M.R. (2011) Missing values in mass spectrometry

based metabolomics: an undervalued step in the data processing pipeline.

Metabolomics, 8, 161–174.

Jordan,K.W. et al. (2010) Comparison of squamous cell carcinoma and adeno-

carcinoma of the lung by metabolomic analysis of tissue-serum pairs. Lung

Cancer, 68, 44–50.

Karpievitch,Y. et al. (2009) A statistical framework for protein quantitation in

bottom-up MS-based proteomics. Bioinformatics, 25, 2028–2034.

Kim,K. et al. (2014) Evaluation of glycomic profiling as a diagnostic bio-

marker for epithelial ovarian cancer. Cancer Epidemiol. Biomarkers Prev.,

23, 611–621.

Klein,J.P. and Moeschberger,M.L. (2003). Survival Analysis: Techniques for

Censored and Truncated Data. Springer-Verlag, New York.

Lachenbruch,P.A. (2001) Comparisons of two-part models with competitors.

Stat. Med., 20, 1215–1234.

Pesarin,F. (2001) Multivariate Permutation Tests: With Applications in

Biostatistics, Wiley, New York.

Ruhaak,L.R. et al. (2012) N-Glycan profiling of dried blood spots. Anal.

Chem., 84, 396–402.

Ruhaak,L.R. et al. (2013) Chip-based nLC-TOF-MS is a highly stable technol-

ogy for large-scale high-throughput analyses. Anal. Bioanal. Chem., 405,

4953–4958.

8 S.L.Taylor et al.

 at U
niversity of C

alifornia, D
avis on D

ecem
ber 20, 2016

http://bioinform
atics.oxfordjournals.org/

D
ow

nloaded from
 

Deleted Text:  
Deleted Text: -
Deleted Text: -
Deleted Text: -
Deleted Text: a
Deleted Text: b
Deleted Text: &hx2009;&hx2264;&hx2009;-
Deleted Text:  &hx2013; 
http://bioinformatics.oxfordjournals.org/


Scheel,I. et al. (2005) The influence of missing value imputation on detection

of differentially expressed genes from microarray data. Bioinformatics, 21,

4272–4279.

Taylor,S.L. and Pollard,K.S. (2009) Hypothesis tests for point-mass mixture

data with application to ’Omics Data with many zero values. Stat. Appl.

Genet. Mol. Biol., 8, Article 8.

Taylor,S.L. et al. (2013) Accounting for undetected compounds in statistical

analyses of mass spectrometry ‘omic studies’. Stat. Appl. Genet. Mol.

Biol., 12.

Taylor,S.L. et al. (2016) Effects of imputation on correlation: Implications for

analysis of mass spectrometry data from multiple biological matrices. Brief

Bioinf., doi:10.1093/bib/bbw010.

Tekwe,C.D. et al. (2012) Application of survival analysis methodology to the

quantitative analysis of LC-MS proteomics data. Bioinformatics, 28,

1998–2003.

Thulin,M. (2016) Two-sample tests and one-way MANOVA for multivariate

biomarker data with nondetects. Stat. Med., 35, 3623–3644.

Wang,X. et al. (2012) A hybrid approach to protein differential expression in

mass spectrometry-based proteomics. Bioinformatics, 28, 1586–1591.

Webb-Robertson,B.J. et al. (2015) Review, evaluation, and discussion of the

challenges of missing value imputation for mass spectrometry-based label-

free global proteomics. J. Proteome Res., 14, 1993–2001.

Wei,L.J. and Lachin,J.M. (1984) Two-sample asymptotically distribution-free

tests for incomplete multivariate observations. J. Am. Stat. Assoc., 79,

653–661.

Witowski,N. et al. (2015) A four-compartment metabolomics analysis of the

liver, muscle, serum, and urine response to polytrauma with hemorrhagic

shock following carbohydrate prefeed. PLoS One, 10, e0124467.

Yonezawa,K. et al. (2013) Serum and tissue metabolomics of head and neck

cancer. Cancer Genomics Proteomics, 10, 233–238.

Multivariate two-part statistics 9

 at U
niversity of C

alifornia, D
avis on D

ecem
ber 20, 2016

http://bioinform
atics.oxfordjournals.org/

D
ow

nloaded from
 

http://bioinformatics.oxfordjournals.org/

	btw578-TF1
	btw578-TF2
	btw578-TF3



