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Background

MM is a hematological malignancy that arises from plasma cells in
the bone marrow. This highly heterogeneous disease varies
widely in clinical presentation and prognosis.?

Patients with MM can relapse and/or become refractory (i.e., non-
responsive) to therapy.

The optimal sequence of treatments can depend on various
factors, such as disease stage, age, and overall health status,
highlighting the need for personalized treatment plans and
ongoing monitoring of response.

RL is a branch of machine learning (Figure 1) that involves
training an agent to interact with an environment to maximize a
reward signal. RL has shown promise in clinical decision-making,
including the determination of optimal treatment sequences.?
While RL has been suggested for identifying optimal treatment
sequences by learning from real-world data, its application in
administrative claims research is limited.

Figure 1. Main types of machine learning
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Objective

 This study sought to use RL to identify patient-specific optimal
treatment sequences that maximize the time to death or
relapsed/refractory status among patients with MM using German
claims data.

Methods

* This retrospective, observational cohort study used claims data
from the German AOK PLUS health insurance fund (January 1,
2010 to March 31, 2022).

« Detailed inclusion and exclusion criteria are shown in Figure 2.

Figure 2. Cohort construction

Patients with at least two confirmed outpatient MM
diagnoses in two different quarters within 12 months and/or
at least one inpatient MM diagnosis between 1/1/2012 and

31/3/2021 (N=6,522)

Patients with MM with at least one inpatient chemotherapy
treatment (OPS code: 8-54%), radiotherapy (OPS code: 8-
52%), inpatient SCT, or MM- specific prescription between
the date of the first MM diagnosis and 31/3/2021 (N=3,967)

Patients with MM who were continuously insured for at least Excluded
two years prior to the first observed MM diagnosis

(“washout” period) (N=3,691) Patients diagnosed with MM and who were treated with

at least one inpatient chemotherapy treatment (OPS
code: 8-54*), radiotherapy (OPS code: 8-52*), inpatient
SCT, or MM- specific prescription between 1/1/2010 and
any time before the first MM diagnosis (N=1,847)
Incident patients with MM (N=1,844)

Excluded
Patients did not receive any MM-specific prescription
after the first MM diagnosis (N=578)
Patients with MM with at least one line of treatment defined
by MM-specific prescriptions (N=1,266)

Abbreviations, MM, multiple myeloma; OPS, operation and procedure; SCT, stem
cell transplant

New lines of treatment were defined as the introduction of a new
agent not part of the prior line.

Treatment sequences included up to two lines of treatment
regimens.

The outcome of interest was the duration between the initiation of
the first-line (1L) treatment to either death or relapsed/refractory
status, which was defined as the initiation of the third line of
therapy.

An RL framework with generalized survival random forest as an
estimator for survival outcomes* was used to identify optimal
treatment sequences that maximize the time to death or
relapsed/refractory status, adjusting for relevant demographic and
clinical characteristics during baseline (within 12 months prior to
the initiation of 1L treatment).

To ensure the model could converge, 297 (23%) patients who
Initiated rare regimens were excluded, leaving 969 patients in the
treatment sequence analysis.

Results

Patient selection

* Intotal, 1,266 patients with MM who received at least 1L
treatment were included in the study. (Figure 2)

Baseline characteristics (results not shown)
 The average age at diagnosis was 71 years old, and slightly more
than half of patients were male (52%).
Median Charlson Comorbidity Index score was 6.
A substantial number of patients experienced hypertension (83%),
bone-related disorders (54%), moderate or severe renal disease
(49%), and neurological disease (46%) during the baseline

period.

Treatment patterns (Table 1)

Observed patterns in German claims:
 The most common 1L regimen was bortezomib (BORT)

monotherapy.

 The most common second-line (2L) regimen was combination
therapy of lenalidomide (LEN) + dexamethasone (DEX).
Patterns predicted by the RL algorithm:
« The most frequently predicted optimal 1L regimen was BORT +
cyclophosphamide + DEX (CyBorD).
« The most frequently predicted optimal 2L regimen was LEN +
daratumumab (DARA) + DEX + prednisolone.
Disparities were observed between commonly prescribed 1L and
2L regimens and most frequently predicted optimal 1L and 2L
regimens. Higher proportions of combination therapy were
recommended by the algorithm as optimal 1L (85% vs. 64%) and
2L (95% vs. 80%) regimens, compared with the actual regimens

received by patients.

Commonly observed treatment sequences (results not shown)

* The utilization of BORT as 1L treatment was the most observed
treatment sequence (n=139; 11%).

* The utilization of BORT as 1L treatment and LEN + DEX as 2L
treatment was the second-most observed treatment sequence

(N=63; 5%).

Table 1. Most frequently observed and predicted 1L and 2L

regimens

1L
Total with 1L therapy 1,266 (100)

BORT 362 (28.59)

BORT + DEX 119 (9.40)

BORT + MEL +
prednisolone

BORT + MEL 77 (6.08)

BORT +
cyclophosphamide

Combination therapy 808 (63.82)
Monotherapy 458 (36.18)
2L

Total with 2L therapy 697 (100)

147
(21.09)

80 (6.32)

75 (5.92)

LEN + DEX

62 (8.9)

BORT + DEX 45 (6.46)

LEN + carfilzomib +

DEX 31 (4.45)

BORT 29 (4.16)

Combination therapy 558 (80.06)
Monotherapy 139 (19.94)

Total with 1L therapy
CyBorD

BORT +
cyclophosphamide

Denosumab
BORT + MEL
BORT + bendamustine

Combination therapy

Monotherapy

Total with 2L therapy

LEN + DARA + DEX+
prednisolone

LEN + DARA +
denosumab +
prednisolone

Elotuzumab +
pomalidomide

CyBorD

Isatuximab + carfilzomib +
prednisolone
Combination therapy

Monotherapy

969 (100)
385 (39.73)

167 (17.23)
113 (11.66)
80 (8.26)

48 (4.95)

821 (84.73)
148 (15.27)

571 (100)

61 (10.68)

58 (10.16)

30 (5.25)

28 (4.90)

26 (4.55)

540 (94.57)
31 (5.43)

Abbreviations: 1L, first line; 2L, second line; BORT, bortezomib; CyBorD, bortezomib

+ cyclophosphamide + dexamethasone; DARA, daratumumab; DEX,

dexamethasone; LEN, lenalidomide; MEL, melphalan

Frequently predicted optimal treatment sequences

« The Sankey diagram (Figure 3) illustrates the treatment
sequences of the predicted optimal regimens which prolong time
to death or relapse/refractory status among patients with MM. The
utilization of CyBorD as 1L treatment was the optimal treatment
sequence most frequently recommended by the algorithm (n=163;
17%). However, only 34 (3%) patients with MM were prescribed
this treatment sequence in the real world.

Figure 3. Sankey diagram of the predicted optimal
treatment sequences
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Regimens with fewer than 20 patients are subsumed as “other.”
Abbreviations: BORT, bortezomib; DEX, dexamethasone; LEN, lenalidomide; MEL,
melphalan

Prognosis among patients receiving CyBorD as 1L treatment

VS. patients receiving bortezomib as 1L treatment

« Results of the Kaplan-Meier survival curves (Figure 4) comparing
patients receiving CyBorD as 1L treatment (the optimal treatment
sequence most frequently recommended by the RL algorithm)
with patients receiving bortezomib as 1L treatment (the treatment
sequence most frequently prescribed in the real world) indicated
better prognosis among patients with CyBorD.

Figure 4. Prognosis among patients receiving CyBorD as
1L treatment vs. patients receiving bortezomib as 1L
treatment, adjusted for relevant baseline characteristics

sata — Bortezomib: most commonly prescribed treatment sequence — CyBorD: most frequently predicted optimal treatment sequence
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p = 0.00018
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Abbreviation: CyBorD, bortezomib + cyclophosphamide + dexamethasone

Conclusions

Personalized optimal treatment sequences for patients with
MM were identified using an RL algorithm.

Utilization of CyBorD as 1L treatment was the optimal
regimen most frequently recommended by the algorithm,
which aligns with findings from previous studies that
CyBorD is a highly responsive regimen in newly diagnosed
patients with MM.>

The optimal 1L and 2L treatment regimens recommended
by the algorithm were different from real-world treatment
patterns; in particular, the use of combination therapy was
more recommended in the first two lines.

Patients who received 1L CyBorD exhibited longer time to
relapse/refractory status or death, suggesting better
disease prognosis among these patients.

The established framework may provide a robust and
clinically meaningful approach for estimating personalized
treatment regimens that can improve patient outcomes and
address heterogeneity in MM and similar disease settings
using real-world claims data.

Future extension

* Inclusion of time-varying features may be crucial when
predicting optimal treatment sequences, which will be
assessed in the subsequent analytic stage.

« Associations of model features and the predicted optimal
treatment sequences will also be evaluated.

Validation/test datasets are generally not used in RL, which
differs from traditional machine learning algorithms. An
Independent dataset of patients with MM will be used to
further validate the established framework.
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