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Algorithm 1 DAM (Training).

Input:
Software time-domain data (training set) : ¢ =
{t1,t2,...,tn}.
M candidate models : {A;(¢;0)},i=1,2,..., M.
Maximum training round P.
Initialization: Training round p — 1,
Resampling constant  {r; — 1}i=1,2,...,n»

Resampled data t, = {tEp) —titi=1,2,...,n-
Procedure:
repeat
1: Select the minimum AIC model as a candidate
prediction model A, (¢;6,) € {A;(t;0)} among M
candidate models with resampled data t,, where
0, is the maximum likelihood estimate with .
2: Calculate the component of likelihood function in

Ap<t§p) 59~p)*AP<tE€)1 ﬁp)}
K

(7)

CL; = Ap(tgp); 6p) - ei[
where Ap(t;; ép) = 7d/\”fitt;ep).

3: Calculate MCL = max{CL;},i=1,2,...,n.
4: Define likelihood loss functions g(l;, D):

|MCL — CL;|
max{|MCL — CL;|};j=1,2,...n

5: Calculate the loss L; = g(Al;, D) for sample ¢ =
1,2,...,n with any loss function g(;, D).

6: Calculate an averageloss: L = Y7 | L;p;, where
pi=r1i/ 375 B

7: Calculate the confidence f, = %

8: Update the resampling constant r;
B ED i=1,2,...,n.

9: Sort and relabel the resampling constants {r;}
and associated samples {t;} as {r(;} and {t¢;)},

g(li, D) =

(8)

— ;-

such that
ra) <Te) < ..o < Tp)-
10: p<—p+1.
11: The resampling training set t, is built as

{t) twr1)s -5ty tnmpt1)s En—pt2) - -

where the p — 1 samples with the minimum re-
sampling constant are removed and the p—1 sam-
ples with the maximum resampling constant are
added.
until L < 0.5 0r p > P

Output:
p candidate prediction models {A;(t)} and asso-
ciated confidence {f;},7 =1,2,...,p.

')t('n)}v
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Algorithm 2 DAM (inference). 1,2,...,P) DEANEHIETED 5. K,

Input:
Software time-domain data : t = {t1,t2,...,tn}.
Future testing time t, > th,u=n+1,n+2,....
P candidate prediction models {A;(t)} and asso-
ciated confidence {f;},i=1,2,...,P.
Procedure:

1: Obtain P prediction values A, = Ap(
Ap(t’n)7p =12,...
diction model A, (t).
Each prediction value Agp has an associated [p.
3: Relabel {Ag,} while retaining the associated

{Bp} as {AY(p)} and {B(p)}, such that

tu) —

, P, for each candidate pre-

»

Ay(l) < Ay(g) < ..o < Ay(p)
4: A551gn the confidence weight c(p) =
In( 52— B )/ > In (B( 5 ) to the corresponding
Ay(

5: Seek the finial interval prediction value §,x)
where the indicator p* is given by

P

1
32 o}
=1

p
b= minlp |3 e 2
1=1

(weighted median). (11)

6: §g= ﬂ(p*) +n.
Output: ¢, the expectation of cumulative number of
software faults detected at testing time t,,.
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# 3 B7 X FEBETOTHINEE (PMAE) .

Early Software Testing Phase (20%)

Data Set DS1 DS2 DS3 DS4
Minimum PMAE 8.85 2.27 3.77 16.03
Model (LogNormal) (Pareto) (LogNormal) (LogEVMax)
Minimum AIC 29.24 8.51 12.38 108.35
Model (TruncLogist) | (LogEVMax) (Exp) (Exp)
LWCM 25.09 10.95 40.59 72.48
AMCM (Linear) 12.59 11.20 6.47 25.26
AMCM (Square) 11.98 6.04 12.68 18.57
AMCM (Exp) 38.37 7.38 6.22 114.47
DAM 23.47 2.45 12.38 108.35
AIC weight 26.18 11.01 14.16 142.69
Middle Software Testing Phase (50%)
Data Set DS1 DS2 DS3 DS4
Minimum PMAE 14.44 3.01 41.78 24.65
Model (LogEVMax) | (LogEVMax) (Pareto) (TruncEVMin)
Minimum AIC 17.14 3.01 131.85 207.70
Model (Exp) (LogEVMax) | (TruncEVMin) (Exp)
LWCM 14.28 5.60 135.60 54.87
AMCM (Linear) 15.98 9.81 41.79 96.54
AMCM (Square) 9.16 9.98 80.69 36.18
AMCM (Exp) 22.07 74.70 6.54 49.30
DAM 16.49 2.63 73.99 212.15
AIC weight 16.25 3.86 178.01 138.47
Late Software Testing Phase (80%)
Data Set DS1 DS2 DS3 DS4
Minimum PMAE 2.94 1.15 2.28 6.05
Model (LogEVMax) | (LogEVMax) | (LogEVMax) (LogEVMax)
Minimum AIC 4.53 1.15 2.63 9.93
Model (Gamma) (LogEVMax) | (LogNormal) (Pareto)
LWCM 2.19 2.47 3.06 9.26
AMCM (Linear) 20.60 1.77 2.55 9.78
AMCM (Square) 28.92 2.03 1.45 9.83
AMCM (Exp) 16.49 7.68 4.93 9.72
DAM 6.32 1.27 2.63 9.78
AIC weight 4.77 1.57 2.89 9.80
36
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