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The (r)evolution of current therapies
Unmet need of biology-based individualized treatment
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Possible models towards individualized treatment
How to select and confirm the success of treatment selection?
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Possible models towards individualized treatment
Confirmation of predicted PFS can only be done retrospectively
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Possible models towards individualized treatment
Predicting undetectable MRD can be confirmed earlier
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Possible models towards individualized treatment
Predicting undetectable MRD can be confirmed earlier
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This idea has not been investigated previously; therefore, we sought to explore this concept
and define a machine learning model to predict undetectable MRD in newly-diagnosed

transplant-eligible MM patients, treated with a standard of care.




Methods. (I) GEM2012MENOS65 & GEM-CESAR trials used in the study
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Methods. (I) GEM2012MENOS65 & GEM-CESAR trials used in the study
Trials differ by disease stage and treatment
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Methods. (lI) Study workflow
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Methods. (lI) Study workflow
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Methods. (lI) Study workflow
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Results. (I) Identifying parameters associated with MRD
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Results. (I) Identifying parameters associated with MRD
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Results. (I) Identifying parameters associated with MRD
Univariate analyses to identify variables significantly associated with MRD status
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Results. (ll) Logistic regression algorithm
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Results. (ll) Logistic regression algorithm
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Results. (ll) Logistic regression algorithm
Interactive webpage to facilitate its use in clinical practice
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Results. (lll) The accuracy of the algorithm
Probability distributions
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Results. (lll) The accuracy of the algorithm
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Results. (lll) The accuracy of the algorithm
Receiver operating characteristic curves
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Results. (IV) Prognostic value of the model
PFS and OS based on actual MRD outcomes

>
w

100 1.00 —
©
= —~
S o7s & 0751
w o I
2 9 2
c O 0.50 5 0.50
wd w 1 >
(7] ) (7))
C —_
A o I ©
¥ o ' o
s $o2 ! D 0.25 1
- D p < 0.0001 i @) p < 0.0001
8 9 :
5 T oo | 0.00 |
< ; " 0 o . 0 s P 7
Time from diagnosis (m) Time from diagnosis (m)
Number at risk Number at risk
mmd 112 81 60 36 0 - 112 90 78 5 0
mmd 100 100 91 60 0 =i 100 100 94 2 0
0 25 50 75 100 0 25 50 75 100
== Persistent MRD, median PFS: 44 m == Persistent MRD, median OS: n/r; 67% OS at 60 m
== UUndetectable MRD, median PFS: n/r; 80% PFS at 60 m ==  UUndetectable MRD, median OS: n/r; 95% OS at 60 m

GEM2012MENOS65
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Results. (IV) Prognostic value of the model
PFS and OS based on MRD predicted outcomes; standard-confidence predictions (n = 212)
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Actual MRD status

Results. (IV) Prognostic value of the model
PFS and OS based on MRD predicted outcomes; high-confidence predictions (n = 102)
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Conclusions

» We demonstrated that it is possible to predict patients’ MRD status with significant accuracy, using

an integrative, weighted model based on machine learning algorithms.

» These findings should stimulate other investigators to further validate this model and define new

ones in other treatment scenarios.

> Finally, selecting a regimen based on probable MRD outcomes, and confirming soon after if that

probability was accurate, is a possible new approach towards individualized treatment in MM.
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