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Re produ cib ility in  scie n ce  a n d  ML

Reproducibility:

“ob t a in in g con s is t e n t  re su lt s  u s in g t h e  sa m e  in p u t  d a t a , com p u t a t ion a l s t e p s , 
m e t h od s , a n d  cod e , a n d  con d it ion s  o f a n a lys is” (Nationa l Inform ation  Standards 
Organiza tion)

Why th is is  im portan t for ML:

Ensuring tha t m ode ls can  be  regene ra ted

Understanding the  variance  in  accuracy caused  by random ness



Ra n dom n e ss in  ML

Exam ples:

• Shuffling tra in ing da ta

• Random ized  subse ts of input fea tures

• Random  in itia l we ights

Pseudo-ra ndom  num ber genera t ors (PRNGs): Algorithm s tha t gene ra te  sequences of pseudo-
random  va lues.



Approa ch

• 3 ML a lgor it h m s: Neura l ne twork, K-m eans, Naïve  Bayes

• 6 d a t a se t s : Heart Disease , Wine , Iris , Breast Tissue , Wisconsin  Breast Cance r (WBC), 

Som erville  Happiness

• 4 va r ia b le s : Random  seed , Tra in /te st ra tio , Tra in  da ta  se t, Test da ta  se t

• PRNG: m t19937 (Mersenne  Twiste r)



Expe rim e n t  1

Seed: Va r ie d

Tra in /te st ra tio : Fixe d

Tra in  da ta : Va r ie d

Test da ta : Va r ie d

• NN: 44.53% diffe rence  on  Heart Disease , 45.17% diffe rence  on  Wine . 

• K-Means: 8.88% diffe rence  on  Iris , 28.62% diffe rence  on  Breast Tissue . 

• Naïve  Bayes: 5.64% diffe rence  on  WBC, 17.3% diffe rence  on  Som erville  Happiness. 



Expe rim e n t  2

Seed: Va r ie d

Tra in /te st ra tio : Fixe d

Tra in  da ta : Va r ie d

Test da ta : Fixe d

• NN: 33.23% diffe rence  on  Heart Disease , 0% diffe rence  on  Wine . 

• K-Means: 22.22% diffe rence  on  Iris , 26.31% diffe rence  on  Breast Tissue . 

• Naïve  Bayes: 0% diffe rence  on  WBC, 0% diffe rence  on  Som erville  Happiness. 



Expe rim e n t  3

Seed: Fixe d

Tra in /te st ra tio : Va r ie d

Tra in  da ta  se t: Va r ie d

Test da ta  se t: Fixe d

Model performance varied widely for 
each algorithm on all data se ts despite  
controlling the  seed.



Con clu sion s

• Random  num ber seeds sign ifican tly im pact the  qua lity of ML m ode ls.

• Cu r re n t  w ork : understanding the  poten tia l va riance  range  for ML a lgorithm s for any 

given  da ta  se t

• Fu t u re  w ork :

o Experim enting with  d iffe ren t types of ML a lgorithm s and  da ta  se ts.

o Applying sam e  techniques to  para lle l ML a lgorithm s

o Running iden tica l experim ents using a  GPU
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