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ABSTRACT

One of the most common test procedures using two-way contingency tables is a test of independence
between two categorizations. Current significant tests such as x? tests or likelihood ratio tests
provide overall independency but bring limited information about the nature of the association in
the contingency tables. This study examines the feasibility of using multiple testing procedures for
an inference of independence of categories in each cell in contingency tables. In the simulation study,
we compare the performance of various multiple testing procedures in a contingency table setup
and demonstrate the relationship among the proportion of true null hypothesis, type I error, power,
and false discovery rate. Finally, we apply the proposed methodology to identify the patterns of
pair-wise associations of amino acids involved in 3-sheet bridges in proteins. We identify a number
of amino acid pairs that exhibit either strong or weak association. These patterns provide useful
information for algorithms for predicting the secondary as well as tertiary structure of proteins.

Keywords: (-strands; Contingency table; False discovery rate; Multiple testing.



1. Introduction

One of the most common test procedures applied to two-way contingency tables is a test of inde-
pendence (or association) between two categorizations. In general, the test of independence uses
x? tests or likelihood ratio tests that can be called “globally significant tests.” The basic idea of
these tests is as follows: If the sum of all the differences between observed and expected frequencies
of all cells in a contingency table is small in a statistical sense, independence between two catego-
rizations is accepted; if the sum of the differences is large, independence is rejected. However, the
global tests can hardly identify the independence of individual cells in a contingency table since
their statistics are constructed based on all cells. The issue of identification of independence in
individual cells is especially important in large-scale contingency tables where the number of cells
> 4. Agresti (2002) pointed out several limitations of the global tests. He reviewed follow-up
methods to global tests such as a partitioning of the y? method as well as a method based on stan-
dardized and adjusted residual that allows further investigation of the associations in contingency
tables. Partitioning of x? is a method for exploring the associations by dividing the large tables
into smaller ones. Lancaster (1949) showed that any r x c table can be reduced to (r-1) x (c-1)
independent 2 x 2 tables. Hence, the interpretation of small tables is straightforward. In large-scale
contingency tables, however, this method becomes too complicated as it generates too many 2 x 2
tables. For example, a 10 x 10 table produces 81 tables of 2 x 2 size, which makes the extraction
of meaningful information cumbersome. Haberman (1973) defined the Standardized and Adjusted
Residual (STAR) statistic for each cell and showed that this statistic is asymptotically standard
normal under the null hypothesis of independence of category in individual cells. Therefore, the
STAR statistics that are greater or less than a certain threshold indicate lack of fit to the null
distribution in that cell (Agresti, 2002). The STAR method is simple but does not provide an
objective way to determine a threshold since the threshold depends upon the number of degrees of
freedom in a contingency table. Also, under the simultaneous consideration of all cell in contin-

gency tables, the STAR method produces many false positives (Agresti, 2002). Another method



was also introduced by Haberman (1973), who utilized a normal probability plot of STAR values
that provides a nice graphical representation. However, the interpretation of a normal probability
plot is frequently subjective, particulary when the number of cells to be tested is large. Therefore,
there is a need for a method able to systematically and objectively identify the independence of
each cell in contingency tables. In this study, we propose a procedure for testing independence of
categories in individual cells of a contingency table based on a multiple testing framework.

In multiple testing problems, family-wise error rates have been used under simultaneous con-
sideration to avoid the multiplicity effect. Applying the single testing procedure to the multiple
testing problem leads to an exponential increase of false positive rates. More precisely, the proba-
bility that at least one of the tests leads to rejection of Hy when Hj holds increases exponentially
with the number of hypotheses. A convenient new definition of error rate, called False Discovery
Rate (FDR) was proposed by Bejamini and Hochberg (1995). The FDR is the expected propor-
tion of false positives among all the hypotheses rejected. The FDR has been used for microarray
analysis to find co-expressed genes (Tusher et al. (2001), Efron et al. (2001), Efron and Tibshirani
(2002), Dudoit et al. (2003)) as well as the genetic study to identify drugs causing mutations in the
viral genome (Efron, 2004). As an extension of original FDR, Storey (2002, 2003) and Storey et al.
(2004) introduced the positive False Discovery Rate (pFDR) and Efron et al. (2001) proposed the
Local False Discovery Rate (Local FDR). Moreover, the case when the hypotheses are dependent
was considered by Yekutieli and Benjamini (1999) and Benjamini and Yekutieli (2001).

We first review some of the multiple testing procedures and presents its application to the
statistical inference of individual cells in contingency tables, the main topic of this paper. In
addition, we perform simulation studies to compare the proportion of true null hypothesis, type
I error, power, and FDR of different multiple testing procedures in contingency tables. Finally,
the proposed procedure is applied to identify the patterns of pair-wise associations of amino acids

involved in (-sheet bridges.



2. Control Procedures in Multiple Testing

2.1 The Family-Wise Error Rate

In a multiple hypothesis test, assessing the number of false positives is necessary because a mere
use of single inference procedures results in a significant number of false positives (Benjamini and
Hochberg, 1995). Table 1 shows the possible outcomes from m hypothesis tests. The Family-Wise
Error Rate (FWER), which has been classically used as a compound error rate in the setup of
multiple hypothesis testing, is defined as the probability of generating one or more false rejections,
i.e.,

FWER = Pr[V > 1], (1)

where V' is the number of rejected hypotheses when the hypothesis is true. Shaffer (1995) sum-
marized a variety of methods controlling the FWER. The most widely used one is the Bonferroni
method. This method rejects H; if p; < «, where p; is the p-value of the ith hypothesis (i.e., H;).
In general, «; is determined equally for all hypotheses (e.g., a; = o). Therefore, the overall FWER
is less than or equal to a.. Other family-wise methods were developed to improve the power of the
Bonferroni method, but they are still too stringent to detect false hypotheses. In other words, they
can hardly reject the null hypothesis when it is actually false. In particular, the power significantly
decreases as the number of hypotheses increases, where the power is the proportion of false null

hypotheses which are correctly rejected.

2.2 The False Discovery Rate

Bejamini and Hochberg (1995) introduced the False Discovery Rate (FDR), defined as the expected
proportion of false positives out of all rejected null hypotheses. The advantage of the FDR is to
identify as many significant hypotheses as possible while keeping a relatively small number of false
positives (Storey and Tibshirani, 2003). With a large family of hypotheses, the advantages over

the FWER are substantial. In Table 1, R is the number of rejected null hypotheses, and V is the



number of falsely rejected null hypotheses. Then the FDR is defined as

o[t -+l

Several important properties of the FDR were discussed in Benjamini and Hochberg (1995). For

instance, R should be positive; if it is not, % cannot be defined. A more exact definition of the
FDR is
V

E E\R>O P(R > 0). (3)
Understanding the relationship between the FDR and the FWER is important. When mo=m, the
FDR is equivalent to the FWER. When my < m, FDR has more power in the sense that the FDR
is less stringent in the multiple testing procedure. Benjamini and Hochberg (1995) proved that an
ordered p-value method controls the specified FDR. This method is implemented as follows:

Consider a series of null hypotheses that are tested simultaneously,
Hy,Hy, -+, Hp,.
We denote the corresponding independent test statistics, p-values, and ordered p-values as
Y1,Ya, -, Yo,
Py, Py, Py,
Pay = Py <+ < Py

1. For a fixed «, where 0 < o < 1.

«

2. %:max[i:P(i) §% o |-
3. If i > 1, Q € {All rejected H; with P; < P} with FDR (Q) < .

If : = 0, Do not reject any hypothesis since Q = (.

Let mo(= 7.2) denote the proportion of true H;. In general, mop = 1 is the most conservative
possible choice. Several studies discussed the estimate of my (Storey and Tibshirani, 2003; Efron,

2004).



2.3 The Positive False Discovery Rate

Storey (2002, 2003) introduced the positive False Discovery Rate (pFDR). The term “positive” is

included because it assumes that at least one significant hypothesis would occur.
Vv
pFDR = E E|R>0 . (4)

In terms of the controlling procedure, the Storey procedure is different from the procedure of the
Benjamini-Hochberg. The latter fixes « first and then derives a rejection rule (or decision rule) that
achieves FDR < a while the former fixes the rejection rule first and then estimates FDR based on
this rejection rule. A detailed description of Storey’s procedure including estimation of the pFDR

can be found in Storey (2002). Here, we describe the Storey’s controlling procedure briefly.
1. Reject all H; with P; < P such that i = max [z . pFDR, (P;)) < a]
2. Estimate pFDR)\(P(i)),which is less than o.

Mga} :max[i:P(i)ﬁ

3. Thus, i = max [z : prRA(P(i)) < a] = max [z : - L. w0

A, a part of the estimate of 7y (or 7p), is determined via a tradeoff between bias and variance
(Storey, 2003). Note that the Storey’s procedure is the same as that of the Benjamini-Hochberg’,
except for its estimate of my. The relationship of the two procedures was described in Storey (2002)
who has shown that the two procedures are equivalent when 7y = 1. However, if 79 < 1 and 7
can be properly estimated, the Storey’s procedure provides more power while controlling the same
FDR. In other words, if the Storey’s and Benjamini-Hochberg’s procedures reject the same number

of hypotheses, the Storey’s procedure has a smaller FDR (Storey, 2002).

2.4 The Local False Discovery Rate

Efron et al. (2001) introduced the Local False Discovery Rate (Local FDR), the empirical Bayes
version of the original FDR. Suppose the test statistics from multiple hypotheses follow a mixture

distribution of two classes, i.e., statistics for true null and false null. Prior probabilities and their



corresponding densities are represented as follows:

w9 = probability of true null,  fo(y) = the density of Y for true null.

w1 = probability of false null,  fi(y) = the density of Y for false null.

Then the mixture density can be expressed as

f(y) = mofoly) +mfi(y)- ()

Given y, the posterior probabilities of being in either the true null class or the false null class are

as follows:

Pr{true nullly} = mofo(y) (6)

fly)
Pr{false nullly} = 1 — Pr{true nullly} = W}le;)y)

The Local FDR is defined to be

7o fo(y)

Local FDR(y) = o)

(8)

where mp = 1 gives the upper bound of the Local FDR. Efron (2004) suggested the following

procedure to identify significant hypotheses.

1. Estimate f(y) from test statistics, say f(y).
2. Estimate a null density fo(y), say fo(y).

3. Estimate mg, say 7.

4. Compute the Local FDR(y) = ﬁ(}];?y()y).

5. Declare y significant if Local FDR(y) < §, where § is some threshold value.

The Local FDR, as its name suggests, provides a measure for the specific (or local) hypothesis
by taking the ratio of true null density to mixture density for each set of test statistics. Thus,

the small value of the ratio (i.e., f(y) is much larger than 7y fo(y)) implies a high chance that the



hypothesis with statistic y is false. Efron and Tibshirani (2002) showed that the Local FDR has a
close relationship with Benjamini and Hochberg’s FDR. The conditional expectation of the Local

FDR given a rejection region is the same as the Benjamini and Hochberg’s FDR.
3. Multiple Testing in Contingency Tables

Our main interest is statistical inference of independence of categories in each cell in contingency
tables. Table 2 presents a two-way contingency table.
Usually, x? tests or likelihood ratio tests have been used to identify the association of two

categorizations under the null hypothesis of independence, i.e.,

H, 2 Pij = Dix * Dxjs (9)
1=1,2,---,r, 7=1,2,--- ,c.

Pearson’s x? and the likelihood ratio test statistics, i.e., L?, are defined in Equation 10 where Ni;
and Fj;; are the observed and expected values in a cell corresponding to the ith row and the jth

column.

. )2 .

X2 — zljzj: (N ;jijEZj) L L2 = QZZ:ZJ:NZ-J- log (g:j) . (10)

We call the x? and the likelihood ratio tests “globally significant tests”, as these test statistics
are derived from the sum of the deviations in all cells, i.e., 37, > . (N;j — Ejj). These global
tests can evaluate overall association for the two categorizations in contingency tables but give
little information about individual cells. Cochran (1954) and Berkson (1938) warned that the
unguarded use of globally significant tests can mislead decision makers. For instance, if the y?
tests accept the null hypothesis, one should conclude that no significant association exists between
two categorizations. However, some cells can have large deviations between N;; and E;; and the
x? tests fail to identify those cells that may contain useful information. Therefore, to find each

important cell in contingency tables, appropriate methods need to be developed.



We consider now contingency tables as a data set to test multiple hypotheses simultaneously.

More precisely, for an r X ¢ contingency table, we have following r X ¢ hypotheses.

Hi:pii = pis-pa
Hs :pi2 = pixDe2
Hyy.: Pre = DPrx - Pxc-

Under the null hypothesis of independence, the adjusted residual (e;;) for each cell can be

defined as follows.

Ni*'Nj*

Ni‘ —_— Nz — Ez
€ij = J N**l — J K J. (11)
(NZ*NJ*) 2 (Elj)z
Nix
Haberman (1973) proved that
eij — N(0,v), (12)

where

Ni* N*j
i =11— 1-— . 1

However, asymptotic variance of e;; is less than or equal to 1 unless the sample size is large
enough (Haberman, 1973). A Standardized and Adjusted Residual (STAR), derived from dividing
ej; by its standard error, has been utilized as a corrected statistic. Under Hp, STAR values follow
an asymptotic standard normal distribution.

&ij = Nij = Eij D, N(0,1). (14)

1
(Eijvij)

The complete derivation can be found in Haberman (1973) and Agresti (2002). We used €;;

as a test statistics for each cell in a contingency table. Agresti (2002) mentioned that the abso-

lute value of é;;, which exceeds about 2 (or in some cases 3), indicates the significant difference

between observed and expected frequencies in that cell. Additionally, Haberman (1973) suggested



the normal probability plotting of €;; values for identifying lack of independence of cells. Thus,
the ¢€;; that significantly deviates from the straight line is interpreted as an indicator of strong
association between categories ¢ and j. However, as we mentioned earlier, the methods described
above are rather subjective thus do not provide an objective measure of large deviation. Below we
propose a multiple testing procedures for contingency tables to identify the individual cells that

are significantly associated between categories. The proposed procedure is summarized as follows:

Summary of the proposed procedure (multiple testing in a contingency table)

Consider a two-way r X ¢ contingency table,
1. Construct r x ¢ hypotheses for testing the independence of each cell.
HZ] pZ] = Dix p*j 1= 1727 , T .7: 1727 , C.

2. Compute the corresponding test statistics based on STAR.

Under the null hypothesis, &; — A/(0, 1).

3. Choose one of the multiple testing procedures described in Section 2 to identify the significant

cells in a contingency table.

4. Simulation Studies

4.1 The Setting

We apply our proposed procedure to the simulated contingency tables. We compare the empirical
power, type I error, and false discovery rate of four different multiple testing procedures and the

individual test under different scenarios. Details are as follows:
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1. Bonferroni procedure controlling FWER at 0.01.

2. Bejamini and Hochberg procedure controlling FDR at 0.01.

w

. Storey procedure controlling at pFDR at 0.01.

4. Efron procedure with the threshold of local FDR at 0.01.

5. Individual test with the p-value threshold at 0.01.

To clarify, we define the empirical power, type I error, and false positive rate as follows:

# of correcly rejected hypotheses
# of false null hypotheses ’

Empirical power =

# of incorrectly rejected hypotheses
# of true null hypotheses ’

Empirical type I error =

# of incorrectly rejected hypotheses

Empirical FDR = # of rejected hypotheses

In this study we consider a 4 x 4 contingency table. That is, 16 hypotheses (=total number of
cells) are considered for testing independence of categories in each cell. Thus, the family of null

hypotheses states that 4 x 4 categories in the contingency table are independent.
Hz]pz]:pz*p*] i:17273747 j:1727374'

Fach individual null hypothesis is tested based on standardized and adjusted residual statistics
(Equation 14), and these test statistics are assumed to be independent.

The proportion of true null hypotheses out of 16 is set to be 0%, 25%, 50%, and 75%. In
other words, the number of significant ones out of a total of 16 hypotheses is 16, 12, 8, and 4,
respectively. In addition, we define 6 (Equation 15), which measures a magnitude of difference
between p;; and p;. - p«; in the contingency table. Hence, the contingency table having large 0
implies the huge discrepancy between observed and expected frequencies in that contingency table.
In our simulations, different s are considered in each scenario, where

oo
9222|pij_pi*‘p*j| . (15)
i=1 j=1

11



Finally, we consider sample sizes of n = 100,500, and 1000 to investigate their effects. Detailed
procedure to generated the simulated contingency tables are not presented here due to space limit

but available in email by authors.

4.2 Results

Each simulation is done with 5000 repetitions. Figures 1 ~ 4 illustrate the average empirical power,
type I error, and FDR for the five different procedures (i.e., individual, Bonferroni, Benjamini-
Hochberg, Storey, and Efron). In each panel of figures, the x-axis is a different value of 6 and
the y-axes are respectively the average empirical power, type I error, and FDR. The followings

observations are made.

1. Average empirical power (Figure 1)

(a) Power of all procedures increases when both sample size and 6 increase.

(b) Generally, the individual test produces larger power as well as higher type I error and
false discovery rate than the other four procedures. However, as the proportion of
true null hypotheses decreases (i.e., the proportion of significant hypotheses increases),
the FDR-related procedures give the power comparable to the individual test. Storey’s
procedure yields larger power than the individual test in some cases. For the comparison
of multiple testing procedures, the power is uniformly ranked as follows:

Storey > Benjamini-Hochberg > Efron > Bonferroni.
2. Average empirical FDR (Figure 2)

(a) FDR decreases when the proportion of true null decreases. The reason is described as
follows: Using the notation of Table 1, let the number of true and false null be denoted
by mg and m;. Moreover, let type I error and power be denoted by a and (1 — 3). Then

the FDR can be represented as follows:

mocx

FDR = .
moa +mq(1 — )

(16)
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Thus, if o and (1 — ) are fixed, the FDR decreases as mg decreases. Note that as mg

decreases, m; increases.

(b) The individual test produces larger FDR than the other procedures when ¢ is small and

the proportion of significant hypotheses increases.
3. Average empirical type I error (Figure 3)

(a) Type I error increases as the number of true null decreases when the FDR is fixed. From

Equation 16, we can derive the following equation,

mi FDR

a:m—o-il_FDR-(l—ﬁ). (17)

Equation 17 shows that « is inversely proportional to mg.
(b) Type I error of the individual test procedure and the Bonferroni procedure are constant
over each simulation scenario. Type I error of the FDR-related procedures increases as

the proportion of significant hypotheses increases (i.e., mo — 0). Also as the § increases,

type I error of the FDR-related procedures increases.

4. Figure 4 shows type I error and false discovery rate when the proportion of true null hypothesis
is 100%. In this case, the power is not defined by its definition. The individual test produces

larger type I error and the FDR than other procedures over the different sample sizes.

The conclusions from the simulations show that the number of significant hypotheses is small,

the individual test procedure gives large power but renders high FDR. However, if the number of

significant hypotheses is large, the Storey’s procedure produces large power with relatively small

type I error compared to the individual test procedure.

The simulation results here with contingency tables agree well with the previous simulation

studies assuming a normal random variable (Storey, 2002). This is due to the asymptotic normal

assumption of individual cells in contingency tables. Other studies mainly focus on the comparison

of power for different multiple testing procedures but we conduct more comprehensive studies.
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5. Identification of Significant Amino Acid Pairs in Protein (-
Sheets

5.1 Background

In this section we apply to our proposed procedure for the identification of the patterns of pair-wise
association involved in B-sheet bridges defined in Kabsch and Sander (1983). Pair-wise association
arises when two amino acids are distantly located in a primary structure but they are close in the
tertiary structure because of protein folding. Knowledge of these patterns can improve the predic-
tion accuracy of protein structures. For instance, the secondary protein prediction problem involves
predicting the location of a-helices, B-sheets, and loops from a primary structure of proteins. It has
been suggested that existing methods achieve reasonably accurate prediction rate for identifying
a-helices and loops but prediction rate of 8-sheets remains significantly low due to their pair-wise
associated pattern (Frishman and Argo, 1996). Thus, investigating the pair-wise associations in
(B-sheets can improve overall prediction accuracy of protein secondary structure as well as provide
useful information of prediction of protein tertiary structure. In the last several decades many
studies have addressed this issue. Von Heijne and Blomberg (1977, 1978) studied the pair correla-
tions in B-strands among hydrophobic, neutral, and polar classes of residues. They revealed that
residues within the same classes occur more often than expected by random chance. Lifson and
Sander (1980) analyzed the frequencies of amino acid pairs in parallel and antiparallel structures
and uncovered the number of trends in favored amino acid pairs. But their studies were performed
on the group level so the results did not provide individual patterns of pair-wise association. Re-
cent studies focused on antiparallel F-sheets (Wouters and Curmi (1995), Smith and Regan (1995),
Hutchison et al. (1998)). They investigated two distinct sites based on the existence of hydrogen
bonding in backbone NH and C=0: hydrogen bonded and non-hydrogen bonded. Their work re-
vealed that two sites have different patterns of residue pairs. General consensus of previous studies

implies that nonrandom patterns of pair-wise associations exist across neighboring S-strands.
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5.2 Problem Formulation

The primary aim of this application is to find “favored pairs” and “unfavored pairs” among all
possible pairs of amino acids. Here, the term “favored” or “unfavored” means that two amino
acids like or do not like to be associated with each other to form (-sheet bridges. The frequency of
amino acid pairs in G-sheets is obtained from the 613 known proteins in Protein Data Bank (PDB).
Secondary structures are assigned to the 613 proteins using the Definition of Secondary Structure
Assignment algorithm (DSSP; http://www.cmbi.kun.nl/gv/dssp/) designed by Kabsch and Sander
(1983). These data explicitly indicate which pairs of amino acids from bridges in (-sheets and
allow to construct a 20 x 20 contingency table (Table 3). There are 20 different amino acids and
thus the possible number of pairs are 400 (= 20 x 20). However, we only consider 210 pairs since
we do not distinguish between the two different types of amino acids in a pair. In other words,
X:Y observation leads to increment by one of both Nxy and Ny x. Our main task is to identify
which of the 210 pairs are significantly associated to form [-sheet bridges. In each category of
the contingency table, the null hypothesis is that two amino acids are paired at random. More

precisely, we can construct the following 210 hypotheses.

Hy: PAA = DAx " DPxA,
Hs :pac = pas-psc,
Ho10 : pyy = Dy« Dsv.

5.3 Results

The results from the multiple testing procedures are reported in Tables 4 ~ 7 and summarized in
Table 8. Comparing the individual test procedure with the Bonferroni’s procedure, the former with
the p-value threshold of 0.01 per each hypothesis found more significant hypotheses than the latter
controlling FWER=0.01. Among the procedures controlling the FDR, the Storey’s procedure found

the largest number of hypotheses. The Benjamini-Hochberg and Efron procedures found the second
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and the third largest. Another observation is that the Storey’s procedure identifies more significant
hypotheses than the individual test procedure. This is explained in the simulations. In our example,
the estimated proportions of true null (7ps) of the parallel and antiparallel strands are 0.2433 and
0.1818, obtained from software developed by Storey (http://faculty.washington.edu/ jstorey/). This
implies that the estimated proportion of significant hypotheses is large in our example. In this case,
the Storey’s procedure is desirable since the simulation study showed that it produces large power
with relatively small type I error when 7 is small.

Another important issue between the individual test procedure and the FDR-related procedures
is an interpretation. For instance, in our problem, we are more interested in the fraction of false
positives among all rejected hypotheses than the probability of making one or more false positive
rates.

To clarify, consider the case of significant pairs (both favored and unfavored) in antiparallel
strands. The individual test found 118 significant pairs with the probability that at least one false
positive is 0.88. For the Bonferroni test, 76 pairs are found to be significant with the probability that
at least one false positive is 0.01. The other three methods controlling the FDR can be interpreted
similarly. For example, Storey’s procedure declares 130 significant pairs among which the expected
proportion of false positives is 0.01. Note that Storey’s procedure found more significant hypotheses
(large power) than do the procedures of Benjamini and Hochberg and the Efron while controlling
the same FDR.

Once we identify the significant pairs by multiple testing procedure, the next step is to interpret
the results biologically. Interpretations are made based on Storey’s procedure. We utilize the

chemical properties of amino acids based on the following four groups (Alberts et al. 1997):

e Negatively charged polar: Asp(D), Glu(E).

e Positively charged polar: Arg(R), Lys(K), His(H).

e Uncharged Polar: Asn(N), Gln(Q), Ser(S), Thr(T), Tyr(Y).

16



e Nonpolar: Ala(A), Gly(G), Val(V), Lue(L), Ile(I), Pro(P), Phe(F), Met(M), Trp(W), Cys(C).

Parallel Strands: With regard to favored pairs (Table 4), strong associations are shown be-
tween two amino acids with opposite charges: E:K(1), D:R(2), D:K(5), E:R(12), D:H(16), E:H(23).
Here, the values inside the parentheses indicate the ranking based on the STAR measure of sig-
nificant association. High associated level is also observed between hydrophobic amino acids. For
instance, I:I(4), I:L(6), V:V(7), M:M(17), F:V(20), and so on. Other high associations are shown
within polar amino acids and between positively charged polar and uncharged polar amino acids.

Observations on pairs which exhibit a significantly unfavored pattern in parallel strands are
presented in Table 5. Such pairs are rarely observed to form (-sheet bridges. Nonpolar amino
acids tend not to be associated with uncharged polar amino acids. Moreover, both positively and
negatively charged polar amino acids show no inclination to interact with nonpolar amino acids.

Antiparallel Strands: Tables 6 and 7 give the lists of significantly favored and unfavored
pairs in antiparallel strands. Overall patterns of antiparallel strands are similar to those in parallel
strands. Strong interactions between the negatively and positively charged groups are observed:
E:K(1), E:R(2), D:R(5), D:H(13), D:K(21), E:H(50). Note that glutamic acid (E) and lysine
(K) have the strongest interaction in both parallel and anti-parallel strands. Many hydrophobic
interactions also take place: L:L(4), C:C(8), I:I(9), V:V(10), I:V(11), I:L(12), P:W(19), F:L(22),
F:F(24), A:A(26), L:M(32), A:I(35), C:I(37), and so on.

For unfavored pairs, we particulary observed that nonpolar residues show the tendency not
to be associated with negatively charged polar residues: D:V(205), E:I(203), D:1(198), D:L(187),

E:L(183), and E:V(154).
6. Conclusion

This study presents an approach to statistical inference of independence of categories in each cell
in contingency tables within the multiple testing framework. The proposed procedure compensates

for the limitation of the globally significant tests such as y? and likelihood ratio tests in that it
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provides more information about the nature of the association in each cell in contingency tables.
Moreover, the procedure has an advantage over the subjective methods such as normal probability
plotting and partitioning of x2. In large-scale contingency tables in particular, the proposed proce-
dure provides an objective and systematic way of finding the significantly associated cells. In this
paper, four multiple testing procedures (Bonferroni, Benjamini-Hochberg, Efron, and Storey) that
control corresponding compound errors (FWER, FDR, Local FDR, pFDR) as well as individual
testing testing procedure are employed and compared. The simulation studies show that the proce-
dures controlling pFDR, FDR, and Local FDR provide higher power than BF method controlling
classical FWER. The high power allows further characterization of the identified cells. For the case
study, the proposed procedure has been applied to identify the patterns of pair-wise association of
amino acids in §-sheet bridges and produced a list of favored and unfavored pairs. The statistical
procedure considered in this paper cannot fully identify the physical or chemical nature of observed
associations. However, these results are useful for better understanding of protein structure and

should help develop better algorithms of the protein secondary and tertiary structure prediction.
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Table 1: Outcomes from the multiple hypothesis tests of size m

Accept null hypothesis Reject null hypothesis Total

True null hypothesis U A% mo
False null hypothesis T S my
Total W R m

Table 2: A two-way r X ¢ contingency table

1 2 ¢

1 | Nii Nz -+ Nic | Nix

2 | No1 Nog  --+ Ny | Noy

r er Nr? Nrc Nr*
N*l N*Q N*c N**

Table 3: A two-way 20 x 20 contingency table containing the frequency of pair-wise amino acid in
(-sheet bridges

A c o ... Y
A | Naa Nac -+ Nay | Nax
C | Nca Ncc -+ Ney | Nes
Y | Nya Nyc -+ Nyy | Nyq

N*A N*C N*Y N**
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Table 4: Favored amino acid pairs in parallel 3-sheet bridges. Five procedures (Individual (IND),
Bonferroni (BF), Benjamini-Hochberg (B-H), Efron (EF), and Storey (ST)) for controlling corre-
sponding false positive rates (FPR, FWER, FDR, Local FDR, and pFDR) at a = 0.01 are applied
to find significant pairs. S and N represent significant and nonsignificant pairs

Rank  Amino acid pair STAR  p-value Local FDR IND BF B-H EF ST

1 E:K 16.43 0 0 S S S S S
2 D:R 13.65 0 0 S S S S S
3 N:T 11.86 0 0 S S S S S
4 LI 10.07 0 0 S S S S S
5 D:K 10.04 0 0 S S S S S
6 I:L 8.39 0 0 S S S S S
7 VA% 7.95 0 0 S S S S S
8 N:N 7.65 0 0 S S S S S
9 H:T 6.68 0 0 S S S S S
10 T:T 6.48 0 0 S S S S S
11 K:T 6.38 0 0 S S S S S
12 E:R 6.31 0 0 S S S S S
13 S:T 6.24 0 0 S S S S S
14 R:T 6.11 0 0 S S S S S
15 QW 5.59 0 0 S S S S S
16 D:H 4.94 0 0 S S S S S
17 M:M 4.85 0 0 S S S S S
18 P:T 4.75 0 0.00013 S S S S S
19 QY 4.72 0 0.00014 S S S S S
20 F:v 4.62 0 0.00023 S S S S S
21 N:Q 4.53 0 0.00032 S S S S S
22 S:S 4.34  0.00002 0.00069 S S S S S
23 E:H 4.18 0.00002 0.00130 S S S S S
24 M:P 3.95 0.00008 0.00311 S N S S S
25 Y'Y 3.80  0.00014 0.00529 S N S S S
26 C:R 3.76 0.00018 0.00607 S N S S S
27 D:S 3.70  0.00022 0.00724 S N S S S
28 L:v 3.35 0.00080 0.02227 S N S N S
29 L:L 3.08 0.00204 0.04857 S N S N S
30 C:V 3.08 0.00210 0.04946 S N S N S
31 IV 2.96 0.00308 0.06818 S N S N S
32 A:L 2.94  0.00328 0.07137 S N N N S
33 K:P 2.90  0.00374 0.08026 S N N N S
34 N:S 2.89 0.00386 0.08224 S N N N S
35 H:S 2.70  0.00688 0.13102 S N N N S
36 GY 2.67  0.00758 0.14167 S N N N S
37 Q:S 2.64  0.00830 0.15229 S N N N S
38 M:W 2.62 0.00876 0.15947 S N N N S
39 N:W 2.59 0.00952 0.16998 S N N N S
40 Q:T 2.56 0.01056 0.18514 N N N N S
41 H:K 2.54 0.01114 0.19299 N N N N S
42 F:-G 2.46 0.01394 0.23061 N N N N S

N N N N N
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Table 5: Unfavored amino acid pairs in parallel 8-sheet bridges. See the caption of Table 4 for
definitions of columns

Rank  Amino acid pair STAR  p-value Local FDR IND BF B-H EF ST

210 LR -7.25 0 0 S S S S S
209 I:S -6.94 0 0 S S S S S
208 I:N -6.36 0 0 S S S S S
207 N:V -6.27 0 0 S S S S S
206 L:T -5.85 0 0 S S S S S
205 TV -5.70 0 0 S S S S S
204 H:I -5.31 0 0 S S S S S
203 I:K -5.28 0 0 S S S S S
202 R:V -5.24 0 0 S S S S S
201 D:I -5.19 0 0 S S S S S
200 AT -5.07 0 0 S S S S S
199 I.T -4.95 0 0 S S S S S
198 E:V -4.92 0 0 S S S S S
197 G:1I -4.77 0 0.00010 S S S S S
196 L:N -4.76 0 0.00011 S S S S S
195 E:L -4.75 0 0.00011 S S S S S
194 I:Q -4.69 0 0.00015 S S S S S
193 L:S -4.65 0 0.00017 S S S S S
192 L:Q -4.60 0 0.00022 S S S S S
191 D:vV -4.53 0 0.00029 S S S S S
190 K:v -4.33  0.00002 0.00066 S S S S S
189 F:K -4.31  0.00002 0.00071 S S S S S
188 L:W -4.26  0.00002 0.00086 S S S S S
187 H:V -4.24  0.00002 0.00096 S S S S S
186 A:M -4.12  0.00004 0.00151 S S S S S
185 D:F -4.05  0.00006 0.00198 S N S S S
184 K:L -3.99  0.00006 0.00244 S N S S S
183 F:T -3.95  0.00008 0.00287 S N S S S
182 SV -3.32  0.00089 0.02354 S N S N S
181 Q:V -3.23  0.00126 0.03167 S N S N S
180 A:N -3.19  0.00143 0.03539 S N S N S
179 D:wW -3.10  0.00197 0.04625 S N S N S
178 E:I -3.05  0.00227 0.05226 S N S N S
177 VY -3.05  0.00231 0.05310 S N S N S
176 Wy -3.04  0.00237 0.05409 S N S N S
175 DY -2.82  0.00476 0.09669 S N S N S
174 C:Q -2.72  0.00646 0.12438 S N S N S
173 T-W -2.61  0.00911 0.16468 S N N N S
172 M:T -2.50  0.01256 0.21350 N N N N S
171 C:T -2.41  0.01590 0.25571 N N N N S

N N N N N
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Table 6: Favored amino acid pairs in antiparallel S-sheet bridges. See the caption of Table 4 for
definitions of columns

Rank  Amino acid pair STAR  p-value Local FDR IND BF B-H EF ST
1 E:K 21.73 0 0 S S S S S
2 E:R 18.06 0 0 S S S S S
3 N:T 13.53 0 0 S S S S S
4 L:L 12.43 0 0 S S S S S
5 D:R 12.21 0 0 S S S S S
6 T:T 12.20 0 0 S S S S S
7 S:T 10.46 0 0 S S S S S
8 C:C 9.64 0 0 S S S S S
9 I.I 9.47 0 0 S S S S S
10 V:v 9.32 0 0 S S S S S
11 IBY% 9.15 0 0 S S S S S
12 L:L 9.06 0 0 S S S S S
13 D:H 8.82 0 0 S S S S S
14 N:S 8.73 0 0 S S S S S
15 S:S 8.22 0 0 S S S S S
16 K:Q 7.48 0 0 S S S S S
17 K:T 7.18 0 0 S S S S S
18 Q:T 7.10 0 0 S S S S S
19 P:W 6.98 0 0 S S S S S
20 H:H 6.42 0 0 S S S S S
21 D:K 6.38 0 0 S S S S S
22 F:L 6.35 0 0 S S S S S
23 D:T 5.47 0 0 S S S S S
24 F:F 5.46 0 0 S S S S S
25 D:Q 5.43 0 0 S S S S S
26 A:A 5.18 0 0 S S S S S
27 K:Y 5.08 0 0 S S S S S
28 K:S 5.03 0 0 S S S S S
29 R:T 4.95 0 0 S S S S S
30 N:N 4.87 0 0 S S S S S
31 D:S 4.81 0 0 S S S S S
32 L:M 4.73 0 0.00012 S S S S S
33 FY 4.55 0 0.00028 S S S S S
34 G:S 4.35 0.00002 0.00064 S S S S S
35 A:l 4.31 0.00002 0.00076 S S S S S
36 K:N 4.24 0.00002 0.00100 S S S S S
37 C:I 4.21 0.00002 0.00115 S S S S S
38 D:D 3.92 0.00008 0.00347 S N S S S
39 E:Q 3.90 0.00010 0.00367 S N S S S
40 E:T 3.51 0.00046 0.01453 S N S N S
41 F:G 3.46 0.00054 0.01716 S N S N S
42 A:L 3.39 0.00070 0.02129 S N S N S
43 AY 3.38 0.00072 0.02178 S N S N S
44 M:M 3.37 0.00076 0.02259 S N S N S
45 Q:S 3.34 0.00084 0.02503 S N S N S
46 LV 3.31 0.00094 0.02739 S N S N S
47 M:V 3.29 0.00098 0.02858 S N S N S
48 P:Y 3.27 0.00106 0.03044 S N S N S
49 C:F 3.19 0.00142 0.03902 S N S N S
50 E:H 3.12 0.00178 0.04767 S N S N S
51 G:'W 3.00 0.00268 0.06789 S N S N S
52 H:N 2.97 0.00302 0.07509 S N S N S
53 A:F 2.84 0.00444 0.09851 S N S N S
54 F:v 2.72 0.00650 0.14423 S N N N S
55 F:I 2.61 0.00908 0.19062 S N N N S
56 AV 2.51 0.01214 0.24308 N N N N S
57 C:W 2.43 0.01494 0.28851 N N N N S
58 GY 2.40 0.01640 0.31148 N N N N S
59 F:W 2.32 0.00206 0.37510 N N N N S
60 G:G 2.26 0.02394 0.42423 N N N N S
61 LW 2.23 0.02582 0.45096 N N N N S
62 Q:Q 2.20 0.02752 0.47496 N N N N S
63 G:V 2.15 0.03164 0.53167 N N N N S

N N N N N
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Table 7: Unfavored amino acid pairs in antiparallel $-sheet bridges. See the caption of Table 4 for
definitions of columns

Rank  Amino acid pair STAR  p-value Local FDR IND BF B-H EF ST
210 L:T -12.48 0 0 S S S S S
209 S:V -8.57 0 0 S S S S S
208 I:N -8.24 0 0 S S S S S
207 LT -8.19 0 0 S S S S S
206 L:S -8.11 0 0 S S S S S
205 D:V -8.06 0 0 S S S S S
204 G:K -7.53 0 0 S S S S S
203 E:1 -7.46 0 0 S S S S S
202 I:S -7.45 0 0 S S S S S
201 F:T -7.40 0 0 S S S S S
200 TY -7.00 0 0 S S S S S
199 K:V -6.99 0 0 S S S S S
198 D:I -6.88 0 0 S S S S S
197 TV -6.81 0 0 S S S S S
196 F:K -6.73 0 0 S S S S S
195 A:K -6.68 0 0 S S S S S
194 E:F -6.51 0 0 S S S S S
193 I:K -6.49 0 0 S S S S S
192 W -6.39 0 0 S S S S S
191 F:N -6.34 0 0 S S S S S
190 L:Q -6.18 0 0 S S S S S
189 S:Y -6.06 0 0 S S S S S
188 K:L -6.03 0 0 S S S S S
187 D:L -5.95 0 0 S S S S S
186 N:V -5.75 0 0 S S S S S
185 L:N -5.64 0 0 S S S S S
184 I:P -5.62 0 0 S S S S S
183 E:L -5.54 0 0 S S S S S
182 L:R -5.44 0 0 S S S S S
181 D:F -5.31 0 0 S S S S S
180 A:Q -4.90 0 0 S S S S S
179 E:G -4.83 0 0 S S S S S
178 1:Q -4.68 0 0.00013 S S S S S
177 AE -4.67 0 0.00014 S S S S S
176 F:S -4.33 0.00002 0.00062 S S S S S
175 D:W -4.19 0.00002 0.00108 S S S S S
174 DY -4.19 0.00002 0.00108 S S S S S
173 F:R -4.14 0.00004 0.00137 S S S S S
172 R:V -4.06 0.00004 0.00184 S S S S S
171 C:S -4.02 0.00006 0.00212 S N S S S
170 C:T -3.97 0.00008 0.00258 S N S S S
169 K:R -3.95 0.00008 0.00288 S N S S S
168 C:Q -3.93 0.00008 0.00308 S N S S S
167 H:L -3.87 0.00010 0.00376 S N S S S
166 Q:V -3.81 0.00014 0.00472 S N S S S
165 H:W -3.70 0.00022 0.00716 S N S S S
164 G:R -3.70 0.00022 0.00721 S N S S S
163 M:T -3.68 0.00024 0.00760 S N S S S
162 C:E -3.53 0.00040 0.01276 S N S N S
161 E:P -3.45 0.00056 0.01710 S N S N S
160 G:T -3.42 0.00062 0.01846 S N S N S
159 A:R -3.33 0.00086 0.02493 S N S N S
158 IR -3.33 0.00088 0.02522 S N S N S
157 M:N -3.32 0.00090 0.02611 S N S N S
156 H:V -3.31 0.00092 0.02654 S N S N S
155 EW -3.24 0.00120 0.03318 S N S N S
154 E:V -3.20 0.00138 0.03791 S N S N S
153 E:Y -2.93 0.00334 0.08234 S N S N S
152 A:N -2.93 0.00336 0.08274 S N S N S
151 N:Y -2.86 0.00428 0.09234 S N S N S
150 A:T -2.75 0.00588 0.13475 S N N N S
149 A:D -2.63 0.00856 0.18603 S N N N S
148 F:Q -2.61 0.00906 0.19529 S N N N S
147 M:Q -2.45 0.01420 0.28603 N N N N S
146 A:C -2.33 0.01954 0.37327 N N N N S
145 C:D -2.24  0.0248426 0.45520 N N N N S
144 G:H -2.23 0.02574 0.46829 N N N N S

N N N N N
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Figure 1: Simulation results of average empirical power.
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Figure 2: Simulation results of average empirical false discovery rate. Note that false discovery rate
is 0 when the proportion of true null hypothesis is 0%.
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Figure 3: Simulation results of average empirical type I error: Note that type I error is not defined
when the proportion of true null hypothesis is 0%.
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Figure 4: Average empirical type I error and false discovery rate when the proportion of true null
hypothesis is 100%. Note that power is not defined in this case.
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