Web-based Supplementary Materials for “Bayesian
Methods for Predicting Interacting Protein Pairs Using

Domain Information”

Inyoung Kim!, Yin Liu?, and Hongyu Zhao®3*

1 Department of Epidemiology and Public Health, Yale University School of Medicine, New
Haven, CT 06520, USA.

2 Program of Computational Biology and Bioinformatics, Yale University, New Haven, CT
06520, USA.

3 Department of Genetics, Yale University School of Medicine, New Haven, CT 06520, USA.

*To whom correspondence should be addressed:

Hongyu Zhao, Ph.D

Department of Epidemiology and Public Health, Yale University School of Medicine, 60 Col-
lege Street, New Haven, CT 06520-8034.

Tel: (203) 785-6271

Fax: (203) 785-6912

E-Mail hongyu.zhao@yale.edu



APPENDIX

A The EM Algorithm

The loglikelihood of the complete data Y. = (Yops, Yiniss) = (O, D) is

LogL. = ZD”) log(Amn) + Oylog{hi;(A)(1 = fn) + (1 = hiz(A)) f}
+ (1— Oij) log{1 — (hi;(A)(1 — f) + (1 — hy;(A)) ) }]
+ (1—D(”))[log(1 )\”))—I—Omlog{hw( )L = fo) + (1 = hy(A)) f}

+ (1= 0ij)log{l — (hi;(A)(1 = fu) + (1 = hij(A)) /) }].

For given ¢~ obtained from the (t — 1)th EM iteration, the E-step requires computations

of the following:

_ o p1=04;
)\%nl)<1 — fn)O”kf” ik _ T(ij)(e(t_l))
Pr(Oijr, = 0ix00~1) "

(D(” |On101 = Oijk,‘v’ll,lz,e(t—l)) _
and

Q(0Y) = Eyon{logLe|Yos}
= SO logAEY) + Oiylog{hij(AD) (1 = fu) + (1 = hi(A) £,}
+ g—Ombﬁl—QMMWO—ﬁJ+H—hﬁN%NDH
+ (1= 7)) og(1 = AD,) + Olog{hi;(A"V)(1 = f) + (1 = hiy(A©)) £,}

+ (1= 03)log{1 = (hig(AD)(1 = o) + (1 = hi;(AD)) f,)}].
The M-step consists of estimating \,,, using equation (3) and estimating f,, and f, by max-

imizing Q(#®). For estimating the MLEs of f, and fp, we calculate the second derivatives

of Q(8W) with respect to f,, and f, as the following:

°Q0") _ S —0;jhi; (AM)?
ofz (R(AD)(1 = fu) + (1 = hyi (AD)) f,)?
N —(1 = Oiy)hi;(A)? I

(1= hi(AD)(L = fn) = (1 = hy(AD)) f,)?
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*Qe")  _ (I —0i;(1 - ”(A@)))
ofp (Rij (AL )(1 = fn) + (1= hi;(AD)) f,)?
(1—045)(1 — b (A(t)))Q
(1= Ry (AD)(1 = fo) = (L = hij(AD)) f,)?
") _ 3 —Oijhi; (A(t)( h ;(AY))
0fndfy (R(A®)(1 = fo) + (L = hi(AD)) f,)?
(1= Oihiz(AV)(1 i (A1)
(1 = Ry (AD)(1 = fo) = (L = hi5(AW)) f,)?

I;

+

).

However, if \,,, = 0 for all m, n, the second derivatives are zeros. Therefore, the inverses of

the Hessian matrices for f, and f, do not exist.

B The Proofs of Properties of \,,, f,, and f,

B.1 (P.1): The property of the posterior distribution of A,

The posterior distribution of \,,, is proportional to

[Alrest] o< L(O|fu,, for, N LAy, for)
o< T (M1 = fu,) + {1 = hij(A)} f, |7

L= {hy (W)L = fu) + {1 = by (N} Sy 1=
FA s I

Except for a constant, the loglikelihood is

log L = Y Ojjeloglhi(A)(1 = fo,) + {1 = hij (M)} f,]

ijk

+(1 = Oyji) log[1 = {hiz(A) (1 = fu,) + (1 = hij(A)) fp, }] + log f(A| s foi)-

By chain rule, we obtain the following:

Olog L dlog L Oh;j(A)

Do Ohy(A) Do
P?logL  _ *logL (5%‘(/\))2 0log L 9*hi;(A)
O Ohij(A)*" OAmy Ohij(A) 0N,



Since

alOgL _ Z l]k( fnk fpk) + _(1_ Uk)( fnk fpk)

Ohij(A) G hig (ML= fo) +{1 = hij(M)} o, 1= {hy (M)A = fo) +{1 = hij (M)} o}

9 log L _ Z Uk( — fo — fpk)2 + —(1- zjk>( — Jo — fpk)2 <0
Ohi;(A) Gr hag (M) = fa) + {1 = hiy (M} 2 [0 ={hy (M) (L = fu,) +{1 = hg(M)} 32
we obtain

82 log L (8hU(A) )2
Ohi;(N)?" O\,

Therefore the logconcavity depends on the following formula

B.1
Ohij(A) 0X2,, (B-1)

B.1.1 Casel: a=1

Since h;;(A) =1 — H(DﬁiQePijk)(l — Amn), We have
/ Ohi;(A)
hz’j(A) - ’ - H (1 = A );
O\, )
(D)7, €Pyjk),(m/n/)#(mn)
" %hij(A)
hii(A) = AL = 0.

Hence, equation (B.1) is zero. Therefore the posterior distribution of A, is a logconcave

function.

B.1.2 Case 2: a # 1

Since h;j(A) =1 — H(D(ij)ephk)(]_ — A2 ), we have
/ Ohi; (A
) = 2 e
) mn (D1t €Pijk),(m!n’)#(mn)
” 8 hl(A) a a—2

(DU €Pyj1),(m'n")#(mn)

Since we have

Olog L _ 3 O = {hig (M) (1 = fu,) + (1 = hiy (M) o I = Fr = S
Ohi i ()1 = fr) + (1= hij (M) fp, J[1 = {hig (M) (X = fu)) + {1 = i (M)} 31

4




and E(Oyjx) = hij(AN) (1= fo, ) +{1=hij(A)} for, E( ;’,;jjg(AL)) = 0. In addition, limy,, o h%;(A) =
hi;(A) and limy,,, 1 h$;(A) = hj;(A). Therefore, the posterior distribution of An, is not a

logconcave function but the behavior of mean and tails is the same as that of hj;(A).

B.2 (P.2): The property of the posterior distribution of f,,

The posterior distribution of f,,, is proportional to

[fuilrest] oc L(O|fu, fors N)L(fri| A, for ) L(fp|A)
x [his (M) (1 = fn) + (1 = hij(N)) f, ]2
(PF)

(1= (A1 = Jo) + (= g (A}
F(Fn A, fpy)-

Except for a constant, the loglikelihood is

log L = % Ojjeloglhi(A)(1 = fo,) + {1 = hij (M)} f,]

ijk

+(1 = Oyjr) log[1 — {hiz(A) (1 = fu,) + (1 = hii(A) fp, }] + log f(fu, A, frr)-

The first and second derivatives of the posterior distribution with respect to f,, are

Ofue S8 hig(W)(1 = fu) + {1 = hij(A)} e 1= {hig(A) (L = fa) + (1 = hij(A) fo }
0%logL 5 —Ojrhij (A)? N —(1 = Oiji)hij(A)?
of, g i (M) = fu) + {1 = hij(M) ]2 [0 = {hy (M) = fu) + (1= hij(A)) f, }]?

< 0.
Therefore, the posterior distribution of f,, is always a logconcave function regardless of

hij(A).

B.3 (P.9): The property of the posterior distribution of f,,

The posterior distribution of f,, is proportional to

[forlrest] o< L(O| fuys fows M) L(fpr | Ay fr) L(far [ A)
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o [T i (M)A = fo,) + (1 = hij(A)) f, 7

(P)

[1— {Ri; (M)A = fu,) + (1= hij(A)) fp, }]' 0"

Except for a constant, the loglikelihood is

logL = ZOijk log[hii (A)(1 = fu,) + {1 — hij(A) } f,]

+(1 = Oiji) log[l = {hij(A)(1 = fu,) + (1 = hij (M) f. 3] +10g [ (fui [ A Sui)-

The first and second derivatives of the loglikelihood with respect to f,, are

Ofp %k: hig(A)(1 = fr) + {1 = hij(A) } fy, Ti- {hii(A)(1 = fo) + (1 = hii(A) o}
0*log L _ 3 —Oiji (1 — hig(A))? N —(1 = Oyi) (1 = hi;(N))?
Ofp, gt (M) = fu) + {1 = hiy (M)} ]2 (1= {hy (M) = fr) + (1= hij(A)) f, }]?
< 0.

Therefore, the posterior distribution of f,, is always a logconcave function regardless of

C Comparision of the Maximum Likelihood Estimator

and the Bayes Estimator in a Special Scenario

In this section, we prove that the MSE of the Bayes estimator for DDI probability between
two domains is smaller than that of MLE under (S.1)-(S.2) for a wide range of interaction
probability described in Section 4.

Theorem 1

Let X, represent the random variable for protein interaction of the ith protein pair and let Z
denote the interaction event of domain pair in the ith protein pair. Assume that N protein

pairs contain this domain pair. Let A be the probability of Z = 1. Then Xi, Xs,..., Xy



are iid Bernoulli(A) and let the prior distribution on A be Beta («,3). Let Mre and Apay
denote the MLE and the Bayes estimator of A, respectively. Further let MSEg(\) and
MSEgpay (M) represent the MSEs of MLE and Bayes estimator of A, respectively.

Then

(1) limy—coMSEpay(N) = limy_.eo MSENLE(A) =0

(2) If )\L <A< )\U, MSEBAy{)\} < MSEMLE{A},
2N (a+1)(a+8) (a+8)2—/{2N (a+1)(a+8)+(a+8)2}2—4{(N+1)(a+3)2+2N (a+3) } (a2 N)
2{(N+1)(a+pB)2+2N(a+3)}

2N (a+1) (a+8) (a+8)2++/{2N (a+1)(a+8)+(a+8)2}2—4{(N+1)(a+B)2+2N (a+f) }(a2N)
2{(N+1)(a+B3)2+2N(a+0)}

is a nonde-

where \; =

creasing function of N, A\y =

2(a+1)(a+8)—/4(a+B)(a+B+2a)

is a nonincreasing function of N, limy_oAr = 0, limy_o Ay = 1, limy_co A, = TSI )!

2(a+1)(a+8)+4/4(a+B) (a+5+20/3)
2{(a+p8)2+2(a+5)} '

Note that if o = 5 = 1, limN_mo)\L =0.14 and limN_Nx,)\U = 0.85.

and lZ'TI’LN_MX)/\U =

Proof of Theorem 1:

Define Y = >V X;. The Bayes estimator of \ is the mean of the posterior distribution,

5\ . y+a

BAY T X B+N ;
B N v o+ o
_<a+ﬂ+an%Ha+ﬂ+Nxa+ﬂ%

which is a linear combination of the prior mean and the sample mean, with the weights

determined by «, 3, and N. The MLE of X is the sample mean of X,

5\MLEI%ZX-

Therefore the MSEs of ;\BAY and S\MLE are

E)\(S\BAY — )\)2 = VCLT)\(S\BA)/) + (BZ'CLS)\S\BA)/)2
Y +a Y +a

= VC””A(m) + (EA(m) —A)?
NA(1—)) o N+« HNE
(a+B+N)? ‘a+p+N ’

A1 =A)

E)\(j\MLE — )\)2 = VCU“)\(X) = 7_



Hence, limNHOOMSEBAy()\) = MSEMLE()\) =0.
Let us consider when the following quadratic inequality holds as a function of A:
MSEBAy()\) — MSEMLE()\>

iy NA(1-=2)) y Nita )2
~ (a+B+N)? ‘a+pB+N N

This quadratic inequality can be rewritten as
{(a+ B+ N)* = N°+ N(a+ B)°}N\ + (N? = 2a(a + f)N — (a+ B+ N)*)A + o’ N < 0.
Define the followings:

a = (a+B+N)?—=N*+N(a+p8)*=(N+1)(a+p)*+2N(a+ f);

b = N?°—=2a(a+B)N—(a+ B+ N)?==2N(a+1)(a+3)— (a+ B)%

c = o®N;
\ —b—Vb? — 4dac
L = )
2a
\ —b+ /b? — 4ac
v = .

2a
The inequality is satisfied if A\, < A < Ay.

We further define the followings:

da
= = 219 :
a o (a+5)" +2(a+ f);
o~ L a1 -
/= g D)
o 9C 2
¢ = gy=a
Then
oA, —ba+bd 0.5a(b* — 4ac) %5 (200 — 4d’c — dac’) — a'/b* — 4ac >0
ON 2a? 2a? =
Oy —ba+ba  0.5a(b* — 4ac) 02200 — 4d'c — 4ac’) — a'\/b? — dac
— + <0.
ON 2a? 2a? -

Therefore, the A\ and Ay are nondecreasing and nonincreasing functions of N. Since the

constant terms with respect to N in a, b, and ¢ are (a + 3)?, —(a + 3), and 0, respectively,
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limy_oAy = 1 and limy_oAr = 0. Because the coefficients of N in a, b, and ¢ are (a+ 3)*+

2(a+1)(a+B)+4/4(a+8) (a+B+20)

2(a+3), —2(a+1)(a+ 3), and o?, respectively, limy ..o A\y = (a1 BT 30t 5]
. _ 2a+1)(a+B)—/4(a+B) (a+B+20)
and limy—ceAL = = Siarppraetay

Ifa=1land f=1,thena=8N+4,b=-8N—4,¢c=N,d =12,/ = -8 and ¢ = 1.

Therefore, we have

2N +1—-V2N?2 +3N +1

A= (4N +2) !
N 2N +1+v2N2+3N +1
v (4N +2) ’

O _ ! o

ON JA+N)(1+2N)(4+8N)

O L <0

ON JA+N)1+2N)(4+8N)

We also have limy_oAr, = 0.14 and limy_. Ay = 0.85.
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Figure 1: The average ROC curves for the likelihood based approach, the Semi-Bayesian
method, and the full Bayesian methods. The number of domains is 50 and the number of
proteins is 400. The distribution of DDI probability is A, ~ Beta(6,2). The true PPI

probabilities were generated from the model hj;(A) = 1 — HD%jrzeﬂj(l — Amn). EM = the
likelihood based approach using true f, and f,, and h}j for PPIs; SemiBay = the Semi-
Bayesian approach using the estimated fn, fp, and hilj for PPIs; Bay = the full Bayesian
approach using the estimated f,, fp, and hllj for PPIs; BayHa = the full Bayesian approach
using the estimated f,, f,, and hf; for PPIs.
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Figure 2: Overlaps among PPIs based on the MIPS dataset, the top 1,000 predicted protein
pairs from the likelihood based approach, and the top 1,000 predicted protein pairs from the
full Bayesian approach. MIPS = protein pairs dataset which includes experimentally verified
3,543 yeast physical interactions; EM = the likelihood based approach using f, = 0.8 and

f» = 0.0003; Bayesian = the full Bayesian method with the estimated f,, and fpk.
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Figure 3: MCMC trace plots of the sampled false negative rates and false positive rates
of three organisms, and MCMC trace plots of the samples of six randomly chosen DDI
probabilities in the full Bayesian method with case 4.
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Figure 4: ROC curves for the likelihood based approach, the Semi-Bayesian method, and
the full Bayesian methods. We use iPfam domain interactions as the gold standard. EM =
the likelihood based approach using f, = 0.8 and f, = 0.0003; Semi-Bayesian = the semi-
Bayesian method using the estimated f,, and f,; Bayesian = the full Bayesian method with

the estimated organism specific f,, and f,.
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Table 1: The average mean square error values of DDI and PPI probabilities for each method.
In this simulation, the true DDI probability (A,,,) was generated from Beta(6,2). The true

PPI probabilities were generated from the model hj;(A) = 1—T]

Dﬁ,ﬁjn) €P;; (1

— Amn ). EM = the

likelihood based approach using true f,, f,, and hilj for PPIs; SemiBay = the Semi-Bayesian

approach using the estimated fn, fp, and h}j for PPIs; Bay = the full Bayesian approach

using the estimated fn, fp, and hzlj for PPIs; BayHa = the full Bayesian approach using the

estimated fn, fp, and hg; for PPIs.

Num of Num of Domain  Level Protein  Level
domains proteins EM  Semi-Bay Bay BayHa EM Semi-Bay Bay BayHa
50 200 MSE 0.327 0.347 0.166 0.168 0.215 0.260 0.107  0.108
Var  0.130 0.147 0.062 0.063 0.108 0.134 0.057  0.056
Bias? 0.197 0.200 0.104 0.105 0.107 0.126 0.050  0.052
400 MSE 0.167 0.172 0.094 0.095 0.116 0.117 0.073 0.074
Var 0.078 0.075 0.041 0.041 0.074 0.072 0.044 0.044
Bias?  0.089 0.097 0.053 0.054 0.042 0.045 0.029  0.030
100 200 MSE 0.539 0.561 0.269 0.271  0.330 0.340 0.120 0.121
Var 0.179 0.170 0.096 0.097 0.169 0.176 0.069  0.068
Bias? 0.360 0.391 0.173 0.174 0.161 0.164 0.051  0.053
400 MSE 0.328 0.345 0.166 0.169 0.215 0.261 0.108 0.108
Var 0.131 0.144 0.061 0.063 0.108 0.134 0.057  0.055
Bias? 0.197 0.201 0.105 0.106  0.107 0.127 0.051  0.053
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Table 2: The average mean square error values of f,, and f, for each method.
simulation, the true DDI probability (A.,) was generated from Beta(6,2).
probabilities were generated from the model hj;(A) = 1 -]

approach using the estimated fn, fp, and hf; for PPIs.

D,(qlljn) EPij(l
the Semi-Bayesian approach using the eAstiIrAlated fn, fp, and h}j for PPIs; Bay = the full
Bayesian approach using the estimated f,, f,, and hilj for PPIs; BayHa = the full Bayesian

Num of Num of SemiBay Bay BayHa
domains proteins fn fp fn Ip In Ip
50 200 Mean 0.758 0.00042  0.767  0.00044 0.769 0.00042
MSE  1.78e-3  2.18e-7 1.06e-3 1.91e-7  1.02e-3  1.89e-7
Var 1.79e-5  2.04e-7 2.29e-5 1.72e-7  2.2le-5  1.73e-7
Bias?® 1.76e-3  1.36e-8 1.04e-3 1.91e-8 1.0019e-3  1.60e-8
50 400 Mean 0.783 0.00032  0.788  0.00033 0.789 0.00031
MSE  2.74e-4  1.58e-7 1.25e-4 1.39e-7  1.07e-3  1.23e-7
Var 5.21e-6  1.48e-7 5.30e-6 1.28e-7  5.14e-5 1.13e-7
Bias®  2.69e-4  1.0le-8 1.20e-4 1.15¢-8 1.02e-3 1.00e-8
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Table 3: The average mean square error value of DDI probabilities for each method. In this
simulation, the true DDI probability (\,.,) was generated from 7Beta(2,2 x 107) + (1 —
r1)Beta(6,2), where 1 = 0.5,0.6,...,0.9. The true PPI probabilities were generated from

the model hj;(A) =1 — HDﬁ,i{fePij(l — Amn)- SemiBay = the Semi-Bayesian approach using
the estimated f,, f,, and hilj for PPIs; Bay = the full Bayesian approach using the estimated
fn, fp, and hi; for PPIs

Dist. of Num of Num of Domain Level
Amn domains proteins EM SemiBay  Bay
0.5B(2,2 x 107) MSE  0.161 0.173  0.100
+0.5B(6,2) 50 200 Var  0.069 0.070  0.049
Bias?  0.092 0.103  0.051
0.6B(2,2 x 107) MSE  0.112 0.118  0.071
+0.4B(6,2) 50 200 Var  0.050 0.053  0.031
Bias?  0.062 0.065  0.040
0.7B(2,2 x 107) MSE  0.076 0.076  0.051
+0.3B(6,2) 50 200 Var  0.033 0.029  0.023
Bias®  0.043 0.047  0.028
0.8B(2,2 x 107) MSE  0.039 0.040  0.026
+0.2B(6,2) 50 200 Var  0.012 0.013  0.008
Bias?  0.027 0.027  0.018
0.9B8(2,2 x 107) MSE  0.022 0.024  0.014
+0.1B(6,2) 50 200 Var  0.010 0.010  0.007

Bias?  0.012 0.014 0.007
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Table 4: The average mean square error values of DDI and PPI probabilities for each
method. In this simulation, the true DDI probability (A,,) was generated from Beta(6, 2)

and 0.9Beta(2,2 x 107) + 0.1Beta(6, 2), respectively. The true PPI probabilities were gen-

M,
erated from the model h;(A) =1 — HD%)GPM(l — A ), a= %. The number of

domains and the number of proteins are 50 and 400, respectively. EM = the likelihood based
approach using true f,, f,, and using hj; for PPIs; SemiBay = the Semi-Bayesian approach

using the estimated fn, fp, and h}j for PPIs; Bay = the full Bayesian approach using the
eAstiIrAlated fn, fp, and h}j for PPIs; BayHa = the full Bayesian approach using the estimated
fn, fp, and h; for PPIs.

Domain  Level Protein  Level

Dist. of A EM  Semi-Bay Bay BayHa EM Semi-Bay Bay BayHa

Beta(6, 2) MSE 0.396 0.380 0.198 0.103 0.236 0.224 0.158  0.087
Var  0.090 0.075 0.048 0.045 0.086 0.075 0.083 0.044
Bias? 0.306 0.305 0.150  0.058 0.150 0.149 0.075  0.043

0.9B(2,2 x 107) MSE  0.009 0.009 0.006 0.003 0.169 0.163 0.101  0.054
+0.1B(6, 2) Var  0.002 0.002 0.002 0.001 0.152 0.147 0.091  0.048
Bias?  0.007 0.007 0.004 0.002 0.017 0.016 0.010  0.006
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Table 5: The average mean square error values of f, and f, for each method. In this
simulation, the true DDI probability (A,,) was generated from Beta(6,2) and 0.9Beta(2, 2 x
107) +0.1Beta(6, 2), respectively. The true PPI probabilities were generated from the model

hi;(A) =1— HD%?GPH (1-X2.),a= %. The number of domains and the number
of proteins are 50 and 400, respectively. SemiBay = the Semi-Bayesian approach using the

estimated f,, fp, and hilj for PPIs; Bay = the full Bayesian approach using the estimated f,,,

fp, and hilj for PPIs; BayHa = the full Bayesian approach using the estimated fn, fp, and
h{; for PPlIs.

Num of SemiBay Bay BayHa
domains n fp fn fp In fp
B(6,2) Mean 0.773 0.00692  0.798 0.00120 0.781  0.00037

MSE  7.07e-4  6.12e-5 1.13e-5 1.97e-6 1.49e-4 1.33e-7
Var 8.00e-6  9.10e-6 5.12e-6  6.00e-7 4.20e-5 1.23e-7
Bias?  6.99e-4  5.2le-5 6.18¢-6 1.37e-6 1.07e-4  1.02e-8

0.98(2,2 x 107) Mean 0.797 0.00002 0.8044 0.00003 0.7973  0.00031
+0.1B(6,2) MSE  5.32¢-5 9.29e-8 1.51le-4 8.11e-8 3.62e-4  3.05e-9
Var 2.64e-5  1.30e-8 2.70e-5 1.40e-9 1.3le-4 1.39e-10

Bias®  2.68e-5  7.99e-8 1.24e-4 7.97e-8 2.3le-4  2.91e-9
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