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Abstract. We present the exact formula, and based on that an estimate of the
posterior probability that a hypothesis is true alternative in a multiple-hypothesis
set-up utilizing information from several external data sets. Each external data set
is a ranked list of a subset of the hypotheses, where for the ranks we merely assume
that a hypothesis that is alternative in the external data set is more likely to have
smaller rank than a hypothesis that is null in the external data set. An alternative
hypothesis may be null in some or all of the external data sets, and also a null
hypothesis may be alternative in some or all of the external data sets. The work is
motivated by the problem of identifying biomarkers in a genetic data set that are
associated with a complex disease utilizing several heterogeneous data sets.
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1 Introduction

Given m hypotheses, Hy, ..., H,,, m; of which are alternative and the remaining mo = m—m;
are null. We have observed test statistics, ¢1,...,t,,, called primary data/statistics, where
t; is drawn from distribution F; if H; is alternative and t¢; is drawn from distribution Fj,
if H; is null. Both F; and F{ are supposed to be known, however, we do not know which
hypotheses are alternative and which are null. In addition, we have information from multiple
independent external data sets (EDSs). The information from an EDS means that we have
ranks on a subset of hypotheses. Each hypothesis in an EDS is either alternative or null in
the EDS. For the ranks we merely assume that a hypothesis that is alternative in the EDS
is more likely to have smaller rank in the EDS than a hypothesis that is null in the EDS. An
alternative hypothesis may be null in some or all of the EDSs, and also a null hypothesis may
be alternative in some or all of the EDSs. We can utilize information from an EDS only if it
is informative. An EDS is defined to be informative if the number of alternative hypotheses
that are also alternative in the EDS is larger than it would by expected by chance, i.e. when
the label "alternative in the EDS” would be randomly assigned to the hypotheses in the
EDS. We will refer to the fact that we have information for hypothesis ¢ from an EDS as
”the hypothesis 7 is in that EDS”.

We will refer to the probability that a hypothesis is alternative based on the information
we have in the primary statistics and external data sets as the compound posterior probability
(cpp). We present an exact mathematical formula of the cpp, and we will also give an
estimate of the cpp of a hypothesis. We suppose that the null and alternative p.d.f., f; and
fo, as well as m; are known. There are numerous estimators of the null and alternative p.d.f.,
c.d.f. and the number of alternative hypotheses, that can readily be used in our framework.

Our work is motivated by the problem of identifying genetic units in a genetic (primary)
data set that are associated with a complex disease. As collecting genetic data is costly,
analysis on the primary data set only is likely to be underpowered. On the other hand,
the number of publicly available databases of complex diseases has grown dramatically and
this trend is likely to continue. Therefore, it is a natural idea to utilize information from
the publicly available data sets. However, these data sets may be of different type (gene
expression, linkage, genotyping data etc.), thus, traditional meta-analysis techniques, such
as taking weighted average of statistics in different data sets, cannot be applied. On the
other hand, our framework can be applied as long as the primary data set has test statistics,
as we merely assume that we have ranked data (priority list) from an external source (data
set).

In order to use our framework, the following technical step needs to be carried out. The
data sets we wish to involve in the analysis need to be converted into data sets that have the
same genetic unit, called test unit. For instance, if we decide the test unit to be a SNP, then
we need to convert the gene-based date sets (e.g., gene expression study) into SNP-based
date. A simple approach in this instance would be to assign the same (rank of) p-value to
each SNP in the gene, or the smallest p-value of the genes if the SNP is in more than one
gene. Each test unit in the primary data set is identified with a hypothesis.
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A hypothesis is alternative in a data set if it has a statistical effect in that data set. A
statistical effect can be either a real effect or a confounding effect. A confounding effect may
occur due to stratification or other artifacts. Note that we account for the confounding effects
as in our model an alternative hypothesis may be null in some or all of the EDSs, and also a
null hypothesis may be alternative in some or all of the EDSs. We emphasize that allowing
different null/alternative status for a hypothesis/test unit across multiple data sets is also
important because of the sheer difference between the number of alternative hypotheses in
different type of data sets. For instance, the proportion of differentially expressed genes
can be as high as 30% in a microarray data set, whereas the proportion of SNPs that show
significance is typically less than 1% in a GWAS.

2 METHOD

2.1 The mathematical formula of the cpp

The goal of this section is to present the mathematical formula of the cpp. This will be done
in the following 3 steps, where in each step we present a formula for

1. the prior probability that a hypothesis is alternative based on the information in an
EDS,

2. the (combined) prior probability that a hypothesis is alternative based on the infor-
mation in all EDSs available, and

3. the cpp.

2.1.1 Step 1: The formula of the prior probability that a hypothesis is alterna-
tive based on the information in an EDS

In this section we present the mathematical formula for the exact value of the prior proba-
bility that a hypothesis is alternative based on the information in an EDS. While this prior
probability is based on multiple unknown parameters, almost all of these unknown param-
eters can be aggregated into a single term, which we will call the contribution of the EDS
to the particular hypothesis. Interestingly, the contribution and the number of alternative
hypotheses, my, together are sufficient to calculate an approximation of the prior probability
of a hypothesis. First we need some definitions.

Definition 1 The information parameter of an EDS is defined as

mtlwerlap m?
K= — 1
m?ds meds’ ( )
where m is the number of hypotheses in the EDS, m$% is the number of hypotheses that

are alternative in the EDS, m7 is the number of alternative hypotheses that are in the EDS,
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and, finally, m$""" is the number of alternative hypotheses that are also alternative in the

EDS.

Note that x > 0 if and only if the number of alternative hypotheses that are also alter-
native in the EDS is larger than expected by chance, i.e. when the label "alternative in the
EDS” is randomly assigned to the hypotheses in the EDS. We will call an EDS informative
if its information parameter is positive.

Definition 2 For hypothesis i in an EDS, we define the contribution of the EDS to hypoth-
esis 7 as p
(M (r;) —mi®) (2)

where r; is the rank of hypothesis i in the EDS, ~(r) is the probability that a hypothesis ranked
r in the EDS is alternative in the EDS, k is the information parameter of the EDS, m$® is
the number of hypotheses alternative in the EDS, and m&® eds

CcO (Z) = W

= m°* — mfds.

It is interesting to remark, that the total contribution of an EDS to all hypotheses is 0,
ie. Y cppgco(i) =0, where the summation is on the hypotheses that are in the EDS (see
Lemma 10 in Appendix).

Notation 3 We will use the notation ~y; for the prior probability that a hypothesis i is
alternative based on the information in the EDS.

Based on the information in an EDS, for the prior probability that hypothesis i is alter-
native, 7/, we have that
. ) co(i)+ % if hypothesis i is in the EDS (3)
h= % if hypothesis i is not in the EDS,
where co (i) is the contribution of the EDS to hypothesis i defined in (2), m is the number of
hypotheses, m®®* is the number of hypotheses in the EDS, m; is the number of alternative
hypotheses, and mj is the number of alternative hypotheses that are in the EDS (for the proof
see Theorem 6 in Appendix). We remark that the information parameter being 0 implies
0 contributions for all hypotheses, which results in 7 = m?}/m®¥* for every hypothesis in
the EDS. Note that this is exactly what we would have in case of no prior information.
Another property of the formula in (3) is that, as all the contributions of an EDS sum up to
zero on the hypotheses of the EDS (see Lemma 10 in Appendix), + sum up to m; on the
hypotheses for every EDS. In other words, using an EDS redistributes the total amount of
prior probabilities among the hypotheses.

The contribution of a hypothesis mainly depends on 3 factors: 1) the rank of the hy-
pothesis in the EDS, 2) the information parameter of the EDS and 3) the extent to which a
hypothesis that is alternative in the EDS is more likely to have smaller rank than a hypothe-
sis that is null in the EDS (the "effect size” of the hypotheses alternative in the EDS). These
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latter two, intuitively speaking, stretch out the spectrum of contributions, and hence amplify
the redistribution of the prior probabilities. Indeed, larger information parameter or average
effect size of the EDS make the contributions differ from each other more within the EDS.
It is an advantage of our method, however, that we do not need to know the information
parameter and the average effect size separately to obtain the prior probabilities, because
only their combined effects (contribution) matter, which we can estimate from the data.

In practice we can approximate m}/m°® by m; /m, where the rationale is that the group
of hypotheses we have EDS information for should contain proportionally as many alterna-
tives as the whole set of hypotheses does (see Corollary 7 in Appendix). This yields

. co(i) +™  if hypothesis 7 is in the EDS (4)
oL if hypothesis ¢ is not in the EDS

(see Corollary 7 in Appendix). The advantage of (4) over (3) is that only the contribution and
my need to be known/estimated. On the other hand, if we think that the above assumption
is violated, we can still estimate m] in the same way as m; is estimated, and use the formula
in (3) to obtain the estimate of 4} for practical purpose.

2.1.2 Step 2: The (combined) prior probability that a hypothesis is alternative
based on the information in all EDSs available

Once we have the prior probability estimates from every external data set, we can compute

the combined pI’iOI’ odd ﬁi(combined prior) _ i(combined prior)/<1 _ Pyi(combined prior)) that hypothesis
1 is alternative for every 7 by
m moy.?
combined prior 1 0/
g | e vt ®)
055 mi(l =)

where 7, 7 is the jth external data set-based estimate of the prior probability that hypothesis
i is alternative, m; is the number of alternative hypotheses, and my = m —m; (see Corollary
16 in Appendix). We remark that the exact general formula of the combined prior odd is
given in Theorem 12 in Appendix. The exact general formula, however, depends on how
the set of alternative hypotheses and the sets of alternative hypotheses that are alternative
in the EDSs overlap. This overlap structure is, however, very difficult if not impossible to
estimate in practice. On the other hand, we proved that the exact general formula reduces
to the formula in (5) for two important scenarios. One of these two scenarios is where the
events that hypothesis j is alternative in different EDS is independent with the probability
measure Pr(. | H; =1) and Pr(. | H; = 0) for every j, and the other scenario is where a
hypothesis is alternative if and only if it is alternative in every EDS. These two scenarios
represent two extrema, and the formula in (5) is likely to be sufficiently accurate for realistic
scenarios (for details see Remark 17 in Appendix). Another pleasant feature of the formula

(combined prior)

in (5) is that we obtain 7, = 77 as a special case if we have a single EDS, i.e.

(5) is always accurate if we have only one EDS. We conclude that based on only the prior
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probabilities of the EDS (5) is the most accurate formula of the combined prior odd, which
is even exact for some scenarios.

Note that if we have no prior information for hypothesis 7 in any EDS, then from (3) we
have that 77 = m,/m for every j, which plugged in (5) implies 6§C°mbined prion) — /myg.
Note that this is exactly what we supposed to obtain for a hypothesis we have no prior
information for. Moreover, according to the formula in (5), the combined odd of a hypothesis
is proportional to the geometrical mean of the prior odds of the hypothesis across the EDSs.
If a hypothesis performs better than a hypothesis with no information in an EDS (odd =
my/myg), then its odd in that EDS will have a positive (increasing) impact on its combined
odd, and vice versa, i.e. if a hypothesis performs worse than a hypothesis with no information
in an EDS, then its odd in that EDS will have a negative (decreasing) impact on its combined
odd.

2.1.3 Step 3: The compound posterior probability (cpp)

The compound posterior probability that hypothesis i is alternative based on the information
we have from the EDSs and the test statistics can be formally written as

cpp(i) = Pr (Hizl | Ti:ti,Si(j) zsgj),izl,...,k>,

where H; = 1 represents that hypothesis i is alternative, ¢; is the observed test statistic value
of hypothesis 7 and SEJ) is the observed rank of the hypothesis ¢ in the jth EDS, j =1,... k.
It is easy to show that the cpp of hypothesis ¢ can be obtained as

ﬁ(combined prior) f1 (t)

]

fO (t) + Bi(combined prior) fl (t)

where fy (t) and f; (¢) is the null and alternative p.d.f. of the statistics, respectively, and
ﬁi(combmed Prion) s obtained by (5).

In summary, the cpp of hypotheses can be obtained by the three steps described above,
using (3), (5) and in Appendix (6), based on my (m7), fo (t) and f1 (¢), and the contributions
of hypotheses from each external data sets. Instead of the terms cpp depends on, we will use
their estimates. In the next section we present a method that estimates the contributions.

Ccpp (Z) = ) (6)

2.2 Estimate of the cpp via estimating the contributions

In section 2.1 we presented formulas of how the compound posterior probability, cpp, can be
obtained from the number of alternative hypotheses, the null and the alternative p.d.f., and
from the contributions of the EDSs to the hypotheses. As mentioned before, we will use the
estimates of these parameters in the formulas in order to obtain the estimates of the cpp. In
this section we present methods that estimate the contribution.

Throughout this subsection we assume that we have a single external data set (EDS),
which we will refer to as the EDS. For estimating the contributions of the EDS to the



RRR 16-2011 PAGE 7

hypotheses we will use the statistic

. Mo
Oanr = {7+ [tj] 2 dyry < MY = — [{7 [t5] = d}}], (7)

where |a| denotes the number of elements of a if a is a set, and |a| denotes the absolute
value of a if a is a real, as usual, ¢; is the observed statistic of hypothesis j, r; is the rank
of hypothesis j in the external data set, and m® denotes the number of hypotheses in the
EDS. In the Appendix (Theorem 18) we proved that for a positive integer M < m®®* and
real number d > 0 we have that

E(Oam) = (Fo (d) — F1(d)) Z co(j), (8)

j7TjSM

where Og s is defined in (7), Fp (d) and F; (d) is the null and alternative c.d.f., respectively.
First we estimate the cumulative contribution defined as CO (M) = >°, Mco( /), then
from the estimate of CO (M) computed for multiple values of M, we can readily obtain the
contribution estimates. In order to estimate CO (M), first we calculate the "rough” estimates
CO (M), from which we will obtain the estimate cO (M) of the cumulative contributions.
Based on (8) we calculate the "rough” cumulative estimates as

OdM
COM) = ;. Z S F () - B (@) ©)

where D is a set of positive real numbers, and |D| denotes the number of elements in D.
If we have ties, i.e. hypotheses with the same rank in the EDS, then we proceed in the
following way. Suppose we have t groups of hypotheses and the ranks of all hypotheses in
a group are identical, but the ranks are different across the groups. Let R; be the number
of hypotheses whose rank is the jth smallest one or smaller than that for j = 1,...,¢. We
calculate CO (M) for M = R;, j = 1,...,t. If we have no ties among the ranks, we may
still use the same procedure with R;, j = 1,...,t that we choose rather than those dictated
by the data.

Note that the two main properties of the contributions, notably that co (i) is a decreasing
function of the rank of hypothesis 7 in the EDS (Claim 8 in Appendix) and that the sum of all
contributions of an EDS is 0 (see Lemma 10 in Appendix), is equivalent to that M — CO (M)
is a unimodal concave function with CO (me‘is) = 0. Therefore, to maintain the two main
properties of the contributions, we find the curve that fits the best to M +— CO (M) in the
family of the unimodal concave functions that take 0 at m®*, or in a certain subfamily of
these functions. The function obtained this way will be the cumulative contribution estimate,
and it will be denoted as M — C’O( ). Then the estimator ¢o is obtained as

. 1

co(i) = R—R, <55 () — CO (Rj—l))

for every hypothesis ¢ in group j, j = 1,...,t, where we define Ry = 0 and CO (0) = 0 for
the sake of simplicity. Then we use ¢o(¢) to calculate the prior probability estimates 7 for
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every hypothesis i by (4) or in (3) if we think m}/m<® differs from ; /m significantly. We
replace v/ with their estimates in (5) to obtain estimates of Z°™™™4 P " that we use in
(6) with the estimates of fj (¢) and f; () to obtain the estimate of cpp for every hypothesis.

Appendix

Mathematical formula of the compound posterior probability (cpp)

Step 1: Formula of the prior probability that a hypothesis is alternative based
on the information in an EDS

The goal of this section is to derive the equation of prior probability (Theorem 6) and some
properties of the contributions. Throughout this section we assume that we have a single
external data set.

Claim 4 Suppose we have only one external data set. Denote the number of hypotheses in
the EDS as m®. Furthermore, m$% is the number of hypotheses that are alternative in the
EDS, m* is the number of alternative hypotheses that are in the EDS, mS*""” is the number
of alternative hypotheses that are also alternative in the EDS, and let m{® = meds — mgSds,

Then we have that

overlap * overlap
" m my —m
vi=ay(r) +rv(l—v(n) = ——— a7 (i) + - edls (L=~ (r:), (10)
my my

where r; is the rank of hypothesis i in the external data, and

def overlap

w e (=1 B =) =

mcds

l
* _mclwer ap

v pr (H =1 | HY = 0) =™

eds
Mo

Proof. By definition
v L Pr(H;=1|5=5),

where H; = 1 or 0 if hypothesis ¢ is alternative or null, respectively, and S = s represents
the information we have from the external data set. Let Hi(EDS) =1 or 0 if hypothesis i is
alternative or null in the external data set, respectively. Then we have

7r=Pr(H =1 HY =15 =s) Pr(H™ = 1] 5 =) +

Pr (HZ- — 1| HFP = 0,8 = s) Pr (HfEDS) ~0|S

I

)
N—

Il %

1

Pr (=1 | B = 1) Pr (HPY =15 =5)+
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Pr (Hi —1| HEPS = 0) Pr (H}EDS) —0|8= s) -

overlap * overlap
m my —m
my (i) +v (L= (1) = == (ri) + ———— (L =7 (1)),
my L)
overla * overla
because Pr <Hz~ =1| HZ-(EDS) = 1) — ™" and Pr (Hi =1| Hi(EDS) = O) — mimm
my mg

For = we used that Pr (Hi =1 HZ-(EDS) =78= 3) =Pr (HZ» =1 H;EDS) = j> forj =0,1,

which is a consequence of that the external data set is independent of the primary test
statistics. m

Lemma 5 For hypothesis i in the external data set we have that

*
my

meds )

where co (i) is the contribution of the EDS to hypothesis i defined in (2), m$% is the number
of hypotheses that are alternative in the EDS, and m7 is the number of alternative hypotheses
that are in the EDS.

Proof. We start from (10), and for brevity we will denote « (r;) as 7 in the proof.

overlap *x overlap

m
* 1 1 1 _ _
Y = mfds Y + mgds (1 ’7) -
mflwerlap m? . mfl)verlap N m“{ _ mzl)verlap
eds eds v eds =
my mg mg

1 moverlap
1 eds * * overlap | __
meds meds m —my |y + my —my -
0 1
overlap eds overlap eds
1 my eds % o my + my eds % my +mr— overlap [ __
eds m my Y eds eds m my eds my my -
overlap eds eds
1 my eds * my overlap « T * overlap |
d mee =y )T +my -y +my —my =
mg s mids meds meds
l
1 m(lwer > eds * mids * m(e)ds
m —m ¥ — +m =
eds eds 1 d 1 d.
me ms§ meds meds
1 mtl)verlap ; mids m;{
d M = my | (7 = + =
mS S mci S meds meds

1 maveTlap m* m* m*
1 1 eds eds 1 . 1
eds eds (m Ty ) + meds = co (Z) + :

m ms meds meds
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Theorem 6 For hypothesis i we have that

Yi = mi—mj

N co (i) + W:n—é if hypothesis i is in the external data set
if hypothesis i is NOT in the external data set,

m—meds
where m is the number of hypotheses.

Proof. The statement of the theorem directly follows from Lemma 5 for hypotheses in
the external data set. The number of hypotheses that are not in the external data set is
m —m® m; —m} of which is alternative. Consequently, v} = z:n?}s for hypothesis ¢ that
is not in the external data set, because we have no prior information for this hypothesis from

the external data set. m

Corollary 7 Under the reasonable assumption that the proportion of the alternative hy-

potheses is the same inside and outside the external data set, i.e. % =~ we have that

. Joco(i)+™ if hypothesis i is in the external data set
T = oL if hypothesis © is NOT in the external data set.

X
my

Proof. The statement of the corollary follows from Theorem 6 and from that —; = ™
implies 220 — M m g
m—meds meds m

Claim 8 The contribution co(.) is a decreasing function of the rank of hypotheses in an
EDS, i.e. for hypotheses i and j in the EDS co (i) > co(j) if and only if r; < r;, where r;
and r; are the ranks of hypotheses i and j in the EDS, respectively.

Proof. The claim readily follows from Theorem 6 as the prior probability «; is clearly
a decreasing function of the rank of hypothesis ¢ in the EDS, i.e. for hypotheses ¢ and j in
the EDS 7} > 77 if and only if 7; <7;. m

Claim 9 For the ranks of the hypotheses in an EDS we have that

meds eds
Sy (r) = mi®, (11)
where (1) is the probability that a hypothesis ranked r in the EDS is alternative in the EDS,

eds eds

me* is the number of hypotheses in the EDS, m{* is the number of hypotheses that are
alternative in the EDS.

eds

Proof. We define random variables V,., r = 1,...,m, as V,, = 1 if and only if hypothesis
eds

r is alternative in the EDS, and V,. = 0 otherwise. Clearly, 7", V, = m$? holds, hence

meds meds mEdS
mids =F (Zril ‘/;‘> = Zr:l B <‘/;) - Zr:l v (T) '
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Lemma 10 For an EDS we have that

> ieppsco (i) =0,
where the summation is on the hypotheses that are in the EDS, and co(.) is defined in (2).

Proof.

. K K eds
Zz‘EEDSCO (i) = ZieEDSW (med87 (ri) — mids) = WZ:; (meds’Y (r) — m§d8> =
0 0

K eds KR
meds meds ([ZTZl ~y (T‘):| o m§d8> — meds meds (m(ids o mids) — O,
0

where we used (11). m

Step 2: Combining the individual sets of prior probabilities into a single set of
prior probabilities

First we derive the general formula of the combined prior probabilities (Theorem 12). As
it is unknown in practice how the set of alternative hypotheses and the sets of alternative
hypotheses that are alternative in the EDSs overlap, the general formula is difficult to use for
practical purpose. Therefore, we derived a special case of the general formula for an overlap
structure of the alternative hypotheses whose probabilities can be given as a function of
two parameters (Theorem 13). This is an important special case, because it comprises two
extreme scenarios, for both of which we obtain the same formula of the combined prior
probabilities (Corollary 16).

Definition 11 Suppose we have k external data sets with (ranks of ) test statistics Si, ..., S .
The combined prior probability that a hypothesis is alternative based on the information in
the external data sets (EDSs) is formally defined as

yfcombinedprion L pr (= 1] St =sli=1,....k).

Theorem 12 Suppose we have k external data sets, and S, ..., St are the test statistics or
the ranks of the test statistics in the ith external data set, i = 1,... k, where some S;» may
be missing. Denote the number of alternative hypotheses in the ith external data set as mj.
Then we have that

k i i i i ,

(combined prior)

J



PAGE 12 RRR 16-2011

where my and my is the number of alternative and null hypotheses, respectively, and {0, 1}k
denotes the set of all the 0-1 vectors of length k. Moreover,

k i i (@) (@) ~

6(combined prior) 01
J

S rmctony [T Pr(Si= st | HY =5) | Pr(H;= 0,0 =i =1, k)

Y

(13)

combined prior combined prior combined prior

where BJ(. prior) . _ fy](. P )/(1—7](- P )).
Proof. We have that
ylcombined prion) W pr (= 1| St =sli=1,...,k) =
(51 ..... ék)e{O,l}k
pavesl theo § {Pr (Hj —1|H) =6,i=1,.. k:)
(61,...,65)€{0,1}F

Pr(S]’:s;’-,z:l, ,k:|H](i)—5Z,@: , ,k)Pr(H(Z):(L,z:l, ,k) .

Z(Tl ..... Tk)e{ol}k PI" <Sj —5172_1, ,k | Hj(l) :7—177/: 1, 7]{:) PI” (H(’L) —TZ,Z: y ,k)

J

Pr(si:si,z':1,...,k|H@:csi,z':L...,k)Pr(Hj:L H§“:5,-,i:1,...,k)

.....

-----

e For equality = we used that the total probability theorem in the form Pr (B | C) =
Y. Pr(B| A, C)Pr(A; | C), where A;, i = 1,2... is a partition of the probability
space; moreover, we used that
Pr (Hj — 1| HY =5,8 = si,i = 1k> — Pr (Hj — 1| HY =60 = 1,...,k:>,which
follows from that the external data sets are independent of the primary test statistics.

° ForequalitygweusedPr(Hj:1 | Hj@ :(L,izl,...,k) Pr(Hj(i) :(Si,izl,...,k> =
Pr(szl, H}i)zéi,izl,...,k)
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e For equality = we used that the external data sets are independent of each other.

[ |
As it is unknown in practice how the set of alternative hypotheses and the sets of alterna-

tive hypotheses that are alternative in the EDSs overlap, the probabilities Pr ( H](i) =7,i=1,..., k:)

and Pr <Hj =1, H]@ =0;,1=1,... ,k) in (12) are unknown. Therefore, we need to use
some mild assumptions to provide some practically useful and sufficiently accurate methods
to combine prior probabilities from several external data sets.

Theorem 13 Suppose we have k external data sets, and suppose that

. , k
Pr (H@ =0ii=1,....k| H = 1) = 1", Pr (H@ =6 | Hy = 1) a2 t=1(1-61)

i Z o A (14)

PI‘ (Hj(z):(sz,lzl,,k ’ HJ:O) :Hlepr <HJ(’L):5’L | HJZO) bZt:15t7
hold for every (d1,...,0x) € {0, 1}k, where 0 < a,b < 1 and we define 0° = 1. Then
1k (0)__(i) ( _ (j)) (0)
ﬁ(combined prior) _ <@>k 1H VT + (1 V; vea _
] /) (1= a0) bt (1) (1= )

_ i (4) i
<mo>k 1ﬁ V5 _<1—a)(1—%’ )V() (15)
M) L=y = (1= 0) (1= )
where my is the number of alternative hypotheses as usual, mg = m — my,

7@ =Pr(H;=1|HY =1

v =Pr(H;=1|H" =0
fori=1,...,k,

Y = ,ﬂ_(z),yj(j) 40 (1 _ 73(}))
is the prior probability that hypothesis j is alternative based on the information in the ith

EDS (see (10)) only, and 7](-1) is the probability that hypothesis j is alternative in the ith
EDS, i.e.

0 = (1P 1] 5= 5}) =

Pr(si=si | HY =1)Pr (0 =1)

4 | 5O (0 g | 5O o_p 9
Pr(8i=si | HY =0) Pr(H” =0) +Pr (s =i | H =1)Pr (" =1)

where S, ..., St are the test statistic values or the ranks of the test statistic values in the
ith external data set, i =1,... k.
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Proof. Applying criterion in (14) for the formula in (13) we obtain that

Z((sl ..... 61)€{0,1}* |:Hz , Pr <SZ = 3 | ](Z = 5)} (Hj =1LH
Z(Tl ..... Tk)E{O,l}k [Hf 1 Pr (SZ = S; | H(Z >i| Pr (H] = 07 HJ(Z) = Ti7i = 17 SRR k)

ﬁ(combined prior)

3 6o [1‘[221 Pr (Si. =i | HY = 5)} Pr (HJ@ —bni=1,.. . k| H = 1) Pr(H; = 1)
> o) [Hz Pr (S’:s | HO = )]M(H]@ — =1, k| Hj:o> Pr(H, —0)
Pr(H; = 1) > (61, 60)e0.1}" [Hf:l Pr <5; = s} | Hj@ = 5@)} [1, Pr <H]('i) =0; | Hy = 1) az'];l(l_ét)
Pr(#; =0) Z(n ..... ) €{0,1}* [Hf:1 Pr (S; = 52‘ | H(‘i) = Tz)} H?:l Pr (Hg(‘i) =7 | H; = 0) be:Nt
Pe(H = 1)
" Pr (H; =0)
k Pr (i =t | HY = 1) Pr (B =1 | H;=1) +Pr (8= | [—[@:0)Pr<[—[]@:0 | Hj=1)a
gpr(s;i:s; [ H =1)Pr (0 =1 H, —O>b+Pr<SZ—s (1 =0)Pr(H" =0 | H;=0)
[Pr(H 0)} -
Pr(H; =1)
e Pr(si=si | HY = 1) Pr (B =1,H; = 1)+ Pr (i =i | B =0) Pr (H =0,H;=1)a
HPr(S;:s; | HO = 1) Pr (B =1,H;=0) b+ Pr(Si=si | HY =0) Pr (0 = 0,1, =0) B
Pr(i, — 05 Pr(Si=si | = 1) Pr(HY = 1) Pr(H; =1 H =1)+
{Pr (H; = 1)} 11 Pr(Si—si | H” =1)Pr (0" =1)Pr(H;=0| B =1) b+

i i @) _ @) _ i i i @ _ (&) _
Pr(si=si | B = 1) Pr(H” = 1) 70+ Pr (85 = s | H? =0) Pr (H" =0) v
i—1 Pr (S; = s | Hj(i) = 1) Pr (H(i) = 1> (1—7®)b+Pr <sz = s | H](i) = O) Pr (Hj(i) = 0) (1—v®)

(@) (i @) G
i[Pr(HjZO)]k_lﬁ v 7T()—|—(1—’7j)y()a
Pr(H; =1) i=1 ’YJ('i) (1 —=7@)b+ (1 B 'VJ(i)) (1—v)
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mo k—1 f[ fyj(l)ﬂ'(l) -+ <]_ — /y](’b)) V(i)a
()

i) =m0y b 4 (1= 5) (1= w0)

which proves the first equality in (15). For = we used (16).
Moreover, we have that

_ () (i @)Y G
(9

™) A (1= a0 bt (1-40) (- v0)

(mo)kl f[ A7 4 (1 _ %@) Vg

m Sl {ngz') NCI (7;@)%(2-)1) n <1 _ V](i)) V(i))}

_ (@) __(i @)Y G

my R i {%@ (1—b+7@b) + (1 _ %@) V(i)}

N S U L] o

-1 1 - {7@ (1= b+ 70b — 7@) + D7) + <1 - yf)) y(i>}

j
_ @) (i @\ G @Y\ G
<@>k 1ﬁ ot 7r()+<1—’yj)V()—(l—a)(l—fyj)y() »

mq gl {,Y](i) (1 _ b) (1 _ 7T(i)) + 7]('i)ﬂ.(i) + (1 _ ,Y](i)> V(i)}

<m> Ay (1-2") o

11— {3 (1 =) (1 = 7)) + 457}

m) = =y (1= 0) (1= )

which proves the second equality in (15). For = we used V= W(i)7§i) + @01 — J(Z)) [
Corollary 14 Suppose we have k external data sets. Suppose that
Pr (H](Z) =0,i=1,....,k | H;= 1> :HlePr (HJ@ =0; | H; = 1)
Pr(HY =6i=1,.. k| Hy=0) =TTy Pr (B = 6 | H; =0) "
for every (61,...,0;) € {0,1}", then
(3{combined prior) _ (@) i ﬁ s M ﬁ mo—vj*l (18)
J mi) L= mg Lt my (1= )
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where my is the number of alternative hypotheses as usual, mg = m — mq, and ’y]’-‘i 15 the
prior probability that hypothesis j is alternative based on the ith EDS.

Proof. The condition in (17) is equivalent to (14) with a = b = 1. Therefore, substituting
a=>b=11in (15) we obtain that

k-1 k %7 k %7
/6(combined prior) _ (mO) H 7 _ %
my 1 v Mo == My (1 Y )

Corollary 15 If ) .
H=1sH"=1s .o H"Y =1, (19)

then

k-1 k * k *%
/B(combmed prior) _ (mO) | | ij _ | | %
J A _ A}
my Pl 1= Mo 7 M (1 5 )

where my 1s the number of alternative hypotheses as usual, my = m—myq, and V;i 15 the prior
probability that hypothesis j is alternative based on the information in the ith EDS only.

Proof. First we need to see that the condition in (19) is equivalent to (14) for a = b = 0.
Indeed, substituting a = b = 0 in (14) we obtain that

Hle Pr <H](~i) =1|H,= 1) if 6; = 1 for every i

Pr(H](i):éi,izl,...,k | Hj=1) _
0 otherwise

and

1, Pr (H]@ =0|H,= O) if 6; = 0 for every i

0 otherwise.

Pr(H(i)zéi,izl,...,k|Hj:O>:{

1= Y nsoetony Pr(H = dii =1,k [ Hy = 1) =TTy Pr (B = 1] H; = 1),

.....

we have that Pr (H](i) =1|H,= 1) =1 for every 4, hence H; =1 — H](i) = 1 for every 1.

Similarly as
k i k i
1= 2(61,“.,516)6{0,1}’“1_[2':1 Pr (H]( ) = 0; | Hj = O) = Hi:l Pr (HJ(‘) =0 ’ Hj = O) )

we have that Pr (H]@ =0| H; = O) = 1 for every 4, hence H; = 0 = Hj(i) = 0 for every i.
These two together implies H; =1 & H ]@ =1 for every .
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Also the condition in (19) implies 7 = Pr (Hj =1] Hj(i) = 1) =1 and
v = Pr (Hj =1 H]@ = O) = 0. Therefore, substituting a« = b = 0, 7) = 1 and
v =0 in (15) we obtain that

(@) (0) + (1 — ’Y(i)> g

k—1 k v
ﬂ(combined prior) _ <m0> H J J _
J 7 . 7 .
mi) AP (1) b+ (1 —%0) (1— )

-1 k % -1 k *1
(@)“H %“_:(@)“H_% ,

where the last equation holds because v} = W(i)vj(i) + 0 (1 — 7@) = %@a as 7@ =1 and

v® = 0. This completes the proof of the Corollary. m

Corollary 16 The conditions in (17) and (19) represent the two extrema of (14), and in
both cases the combined odds can be calculated as

k—1 k *7 k *1 k
ﬁ(comb'med prior) (mO) V; ot mo7; _my mo ﬂ*l (20>
m 1—~ m — A m m
! i=1 i 05 m (1=77) 05— "1

where my 1s the number of alternative hypotheses as usual, mg = m — mq, fy;-‘i 1s the prior
probability that hypothesis j is alternative based on the information in the ith EDS only, and
the odd 37" is defined as 37" = ;' /(1 —~}").

Remark 17 The terms in the product in (15) can be approzimated with ﬁ;i even if (17)
and (19) do not hold, suggesting that the formula in (20) is reasonable even for the general
case. For the general formula (12) the structure of how the sets of hypotheses alternative in
the EDSs and the set of alternative hypotheses overlap each other need to be known. This,
however, can be very difficult to estimate in practice.

Estimating the contributions

Theorem 18 Denote the number of hypotheses in the external data set (EDS) as m®®. For
a positive integer M < m®® and real d > 0 we have that

E(Oan) = (Fo (d) — Fi (d)) Z co(j), (21)

Jri <M
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where

. M

Oan = {j:ltjl = d,ry < M} — s {7« It;| = d}|

where |a| denotes the number of elements of a if a is a set, and |a| denotes the absolute
value of a if a is a real, as usual, t; is the observed statistic of hypothesis j, r; is the rank of

hypothesis j in the EDS. .

Proof. For the sake of simplicity, throughout the proof we will suppress the superscript
eds, i.e. the number of hypotheses (alternative) in the EDS m$% and m®®* will be denoted
as my and m, respectively. Denote the set of alternative and null hypotheses as N; and Ny,
respectively, and denote the set of hypotheses that are alternative in the EDS as F; and the
set of hypotheses that are null in the EDS as Ey. Also we define Q4 and m’(d) as

Qd,M:#{] . ’t]‘ Zd,?”j SM} and m’(d) :#{] : ‘tj| zd}

We have that

overta 1 1
E(Qd,MmEl N Ny) =mj lp(l — I (d)) Zi\il % {Fl = _Zij\il%} =

mq M
overta M
my l”(l—Fl(d))EFI,
E(QanNE NNy = —moverter) (1 — py(d)) M — _ e (1~ Fy (d)) AL
d,M 1 0) = \{mi—my ( 0( ))Zi:lml_ my —1my ( 0( )>m1 1
overla 1— %
E(Qd,MﬂEoﬂNl):<m’{—m1 lp) (1—F1(d))2?i1 m: =
* overla 1 * overia, 1
(i =) (1= By (@) - (M = S ) = (mi = m§™7) (1= Fy (d)) o (M = MTy) =
overia; M
(i —mS lp)(l—ﬂ(d»%u—m
M 1—%

B (Qaar N Bo N No) = (m —my —mi +mf""*) (1= Fy (d)) oI, — =
0

overtLa, M
(m—ml—mHm1 lp) (1= Fy(d)) —(1=T1).
0

Therefore, we have that

E(Qam)=E(Qam NEINNy + Qan NEL NNy + Qan NEyN Ny + Qan N EyN Ny) =

overla, M overla M
my ! p(l—Fl (d)) m—F1+ (m1 —my ! p> (1—Fg (d)) m—Fl—i—
1 1

overia, M * overla, M
(i — mgerter) (l—Fl(d))m—O(l—Fl)—l—(m—ml—m1+m1 ) (1= Fo(d)) = (1-T).
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Moreover, we have that

M
M M
P (1= Fy (d) =Ty + (my = m§™") (1= Fy (d)) =Ty+
mq my
overla, M * overla, M
(i = mg ) (1= Fi (d) - (1= T+ (m = my = mi +m"™") (1= Fy (d)) - (1= T) -
mo mo
M M .
—mi (1= F1(d)) = — (m —mj) (1 - Fy(d) =
overta M * overla, M M *
(=P e 2 () 2 1oy = B 4
overtla M * overta M M *
(1—F0(d)){(m1—m1 lp>m—1F1+(m—m1—m1+m1 ZP)%(l—Fl)—E(m—ml)}:
overiLa 1 * overla, 1 * overla 1 1 *
(1—Fy(d) M <m1 — m'{”erlap> 1 (m —my —mj + mflwerlap> L '+
my mo
* overla ]' 1 *
(m—ml—m1+m1 lp) %_E(m_ml)} =

* * overlap
(1 — B (d)) M { (mtlwerlapl . ml) T, + mymy . my }+

mimoy My mmy mo
— m* __ . overlap
<1—Fo<d>>M{[(m1—mimlap) m__ ml)}rlﬂm_m;) M }:
myimo mo mmy mo

M *
(1 _ Fl (d)) el { <m{iverlapﬁ . mi) Fl + m;nml . mcl)verlap} +

M
(1= Fo @) o [ = ) 22— ()| Py (= ) 2 =

my

M m mim
(1 - F (d)) Il { <7,n<1)verlapE _ m;) I, + 71/n 1 m(lwerlap} +

1
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M overlap T * « 1 overla
(1—Fo(d))—{[m 1 lp_—m+m1:|]:‘1—|—m1—m1_l_m1+ml lp}:
myo mq m
M x
0= Fu @) A (gt 2 ) 1y 2 )
Mo my m
M * overlap T « M1 overla
(1_F0(d))%{[m1_m1 lpm—l]r1—mlg+m1 lp}:
M overlap T * mim overla
(Fo(d)—Fl(d))m—O{(ml pm—l—ml)[‘1+ i zp}:

my

M mzlweTlap mT mf
(Fo (d) — Fi(d)) — - ml'y + —
mo my m

(@)~ Fy (0) (m(lw vom

my

(Fy (d) — Fy (d)) (mMTy — Mmy) [mio (mlml v ﬁ)] _ {n

(Fold) = L (@) Y2 (m () = ) [,i (mm - ”{;)

which concludes the proof of the theorem. m

overlap
my

m ma

I m){mfl—ml}




