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While advances in the understanding of tumor biology through multi-omics profiling hold the promise
of substantially improving patient outcomes, the cost implications of such strategies remain unclear.
We therefore performeda comparative cost analysis of patients treated eitherwithin the TumorProfiler
(TuPro) melanoma project or from a control cohort who received treatment after standard next-
generation sequencing testing. After adjustment of cohorts through inverse probability of treatment
weighting, we found no evidence of statistically significant differences in total costs between the two
cohorts (95% confidence interval −10% to +67%). Importantly, treatment costs (95% confidence
interval−28% to +41%) were similar between the two cohorts. In conclusion, we found no evidence
that treatment recommendations guided by advanced multi-omics profiling led to significantly higher
treatment costs in a Swiss context.

Advancements in molecular diagnostics and development of targeted
treatments including checkpoint-inhibitors have reshaped the land-
scape of oncology1. Treatments are nowmoving from a one-size-fits-all
approach towards individualized therapies. The aim is to tailor treat-
ments based on the unique disease profile of each patient2, improving
efficacy whilst reducing toxicity. Indeed, especially later lines of pal-
liative therapy often rely on conventional, generalized approaches.
These beyond standard-of-care (SOC) treatments mostly offer mod-
erate benefit. In these settings, response rates rarely exceed 20% and
progression-free survival is often limited to a few months at best3–5.
These limitations highlight the potential value of more personalized
strategies that can adapt to the unique characteristics of each patient’s
disease.

The Tumor Profiler project (TuPro) represents a significant effort to
address these challenges by integrating multi-omics and functional data to
personalize therapeutic decision-making in melanoma and other tumor
entities6. The aim of TuPro was to assess the feasibility and efficacy of this
approach in clinical decision-making7. The diagnostic assessments included
single-cell RNAandDNAsequencing, proteomics, imagingmass cytometry
(IMC), cytometry by time of flight (CyTOF) and drug screenings. Findings
were synthesized intomolecular summary reports, whichwere presented to
a multidisciplinary tumor board that gave a therapy recommendation.
Patients received either SOC treatments or highly individualized poly-
biomarker-driven treatments (beyond SOC). The objective response rate in
difficult-to-treat palliative patients beyond SOC (n = 37) was 38%, with a
disease control rate of 54%. In a retrospective analysis, progression-free
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survival of patientswith TuPro-informed therapy decisions in≥3rd linewas
significantly improved comparedwith amatched cohort of patientswithout
TuPro-based decision support (exact and propensity-matched cohort: 8.34
vs 2.0 months, adjusted hazard ratio = 0.23, 95% CI 0.07–0.79)7.

However, while the feasibility of a comprehensive data-driven
approach for the care of patients with cancer could be shown, the impor-
tant question of its effect on costs, especially treatment costs, remained.
Costs for health care are apressing concernacrossOECDcountries ashealth
expenditures as a percentage of GDP have steadily increased, rising from
approximately 5% in the 1970s to an average of about 9% by 2019 and
exceeding 17% in the United States8,9. Cancer care is a significant driver of
healthcare expenditure, fueled by the high cost of diagnostics and advanced
therapies10. The financial burden of cancer care in the United States was
estimated at over 208 billion US Dollars in 202011. Indeed, in the TuPro
study, the upfront cost ofmulti-omics diagnostics was higher than standard
next-generation sequencing7. Furthermore, there may be a concern that
personalized diagnostic approaches may lead to more combination thera-
pies, which could increase costs by compounding drug costs for multiple
therapeutic agents and via a shift toward newer and hence more costly
targeted or immuno-therapies12,13.

Here, we explore the question of whether the costs, including for
treatment, diagnostics, andmanagement of AEs, were different for patients
with melanoma treated according to decisions informed by multi-omics
tumor profiling in comparison to a control cohort consisting of patients
treated according to current practice, within or beyond standard of care. To
this end, we first performed a descriptive cost analysis, followed by a
comparative cost analysis, using inverse probability of treatment weighting
(IPTW) for adjustment between the two cohorts.

Results
Patient population
The analysed TuPro melanoma cohort comprised 89 patients with 176
treatment lines, the control cohort 124 patients with 182 treatment lines
(Fig. 1).

Analyzing the patient characteristics of each cohort, the TuPro cohort
contained younger patients (median 61 vs 66 years), more women (44% vs
34.0%) and more patients with stage IV disease (74% vs 43%). The median
Charlson Comorbidity Index (CCI) was slightly lower in the TuPro cohort
(7.0 vs 8.0). The results are depicted in Table 1.

Reverting to the perspective of treatment lines, the TuPro cohort
comprised far more treatment lines whose intention of treatment was
palliative beyond SOC (40% vs 11%), which was mirrored by a sub-
stantially higher number of treatments being the 4th line or later (44%
vs 5%).

The TuPro cohort had fewer AEs (59.9% vs 78.4%) and fewer hospi-
talizations for AEs (72.5% vs 84.7%) in treatment lines compared to the
control. The results can be found in Supplementary Table 6.

The composition of treatments varied substantially between the
cohorts, with a substantially higher proportion of chemotherapy not com-
bined with tyrosine kinase inhibitors (TKIs) or immunotherapy (IO) in the
TuPro cohort (20.5% vs 8.2%), higher proportion of TKI monotherapy
(8.0%vs 1.6%), lower proportion ofmono-IO therapy (9.7%vs 44.0%), with
a similar proportion of immunotherapy combinations (such as anti-PD-1/
PD-L1 and anti-CTLA4 or anti-LAG3) (22.7% vs 23.1%) or TKI combi-
nation therapy (such as BRAF- andMEK inhibitors) (16.5% vs 15.4%). The
results are summarized in Supplementary Table 7.

Descriptive analysis of cost differences
In unadjusted descriptive analyses, the median time on treatment was
substantially lower for the TuPro cohort than in the control cohort
(68.5 days, interquartile range (IQR) 33–206 vs 283.5 days, IQR 66–373).
The cost of diagnosticswas higher in theTuPro cohort (CHF17,554 vsCHF
3058). The median cost incurred by treatment of AEs was CHF 0 in both
cohorts. Themedian cost of treatment was lower in the TuPro cohort (CHF
29,149 vs CHF 94,264), as were themedian total costs (CHF 50,255 vs CHF
98,087). However, the median treatment costs per day were higher in the
TuPro cohort (CHF361 vsCHF302), as were themedian total costs per day
(CHF713vsCHF389).The results are depicted inFig. 2 andSupplementary
Table 8.

The time on treatment and costs per treatment intention (adjuvant,
palliativewithin SOC, andpalliativebeyondSOC) for theTuPro andcontrol
cohorts are depicted in Supplementary Table 9. In line with the overall
results, for the palliative beyond SOC sub-group,median time on treatment,
treatment costs, and total costs were lower for the TuPro cohort (88 vs 194
days, CHF 39,588 vs 94,112 and CHF 57,142 vs 1,09,158, respectively).
Interestingly, median treatment cost per day in the beyond SOC setting was
substantially lower in the TuPro cohort (CHF 427 vs 692); however, dif-
ferences were not significant (P = 0.21).

TuPro Non-TuPro
93 pa�ents in the TuPro melanoma cohort 207 melanoma control pa�ents with rou�ne NGS

38 pa�ents did not undergo therapy

4 pa�ents in a double-blinded study

4 pa�ents treated outside study period

4 melanoma diagnoses revised a�er NGS

6 pa�ents lost to follow-up

1 pa�ent died before therapy start

9 pa�ents withdrew their consent

93 pa�ents with 188 treatments 141 pa�ents with 216 treatments

89 pa�ents with 176 treatments 124 pa�ents with 182 treatments

Only treatments outside clinical trials
retained

Fig. 1 | STROBE flow diagram showing patient selection for unmatched and
matched TuPro (Tumor Profiler project) and synchronous Non-TuPro cohorts,
including exclusions and losses to follow-up. NGS next-generation sequencing,

TuPro Tumor Profiler project melanoma patient cohort, Non-TuPro melanoma
control cohort. Treatment lines included all lines, including subsequent treatments
not guided by TuPro recommendations.
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Cost comparison of matched cohorts
Results from primary analyses based on IPTW weighting and additional
statistical adjustment for confounding aredisplayed inFig. 3,with sensitivity
analysis results presented in Supplementary Fig. 2.

Total costswere 23%higher (95%CI−10% to+67%, p= 0.19) and total
costs perdaywere21%higher (95%CI−15%to+71%,p= 0.29) in theTuPro
cohort compared to the control group, but the difference was not statistically
significant. Treatment costs (+1%, 95% CI −28% to +41%, p= 0.97) and

Table 1 | Patient characteristics of the unadjusted and IPTW-weighted TuPro and control cohorts

Unadjusted IPTW weighted

Non-TuPro TuPro SMD Non-TuPro TuPro SMD
(N = 124) (N = 89) (N = 94.3) (N = 83.3)

Age (y) 65.9 (53.7–73.5) 61.0 (52.0–73.0) 0.115 64.6 (53.7–73.4) 65.4 (53.0–75.0) 0.087

Age group 0.159 0.056

80+ years 14 (11.3%) 6 (6.7%) 11.1 (11.8%) 11.4 (13.7%)

Gender 0.205 0.479

Female 42 (33.9%) 39 (43.8%) 29.6 (31.4%) 45.3 (54.4%)

Stage 0.683 0.539

Stage I 1 (0.8%) 0 (0.0%) 0.0 (0.0%) 0.0 (0.0%)

Stage II 2 (1.6%) 0 (0.0%) 1.2 (1.3%) 0.0 (0.0%)

Stage III 68 (54.8%) 23 (26.1%) 40.9 (43.4%) 17.3 (20.8%)

Stage IV 53 (42.7%) 65 (73.9%) 52.1 (55.3%) 65.9 (79.2%)

Missing 0 (0%) 1 (1.1%)

ECOG 0.267 0.378

0 89 (76.7%) 71 (80.7%) 69.2 (73.4%) 67.8 (81.5%)

1 22 (19.0%) 14 (15.9%) 21.1 (22.4%) 11.2 (13.5%)

2 2 (1.7%) 3 (3.4%) 1.6 (1.7%) 4.2 (5.1%)

3 3 (2.6%) 0 (0.0%) 2.4 (2.6%) 0.0 (0.0%)

Missing 8 (6.5%) 1 (1.1%)

Charlson Comorbidity Index 8.0 (7.0–9.0) 7.0 (6.0–9.0) 0.521 8.0 (7.0–9.0%) 8.0 (7.0–9.0%) 0.045

Missing 0 (0%) 1 (1.1%) NA NA

Brain metastasis 0.006 0.182

Yes 24 (19.4%) 17 (19.1%) 23.1 (24.5%) 27.2 (32.7%)

Location of primary 0.073 0.159

Skin 97 (78.2%) 69 (78.4%) 69.2 (73.4%) 66.0 (79.2%)

Mucosal 6 (4.8%) 4 (4.5%) 3.3 (3.5%) 2.0 (2.4%)

Uveal 8 (6.5%) 7 (8.0%) 8.0 (8.5%) 4.4 (5.3%)

Unknown 13 (10.5%) 8 (9.1%) 13.7 (14.6%) 10.9 (13.0%)

Missing 0 (0%) 1 (1.1%)

Intention of treatment 1.123 0.557

Adjuvant 65 (52.4%) 13 (14.6%) 37.0 (39.2%) 16.0 (19.2%)

Palliative - SOC 56 (45.2%) 47 (52.8%) 53.4 (56.7%) 54.0 (64.8%)

Palliative - beyond SOC 3 (2.4%) 29 (32.6%) 3.9 (4.1%) 13.3 (15.9%)

Treatment Line 1.471 0.583

0 (adjuvant) 65 (52.4%) 13 (14.6%) 37.0 (39.2%) 16.0 (19.2%)

1 49 (39.5%) 20 (22.5%) 37.4 (39.7%) 39.0 (46.8%)

2 8 (6.5%) 24 (27.0%) 14.9 (15.8%) 14.4 (17.3%)

3 0 (0.0%) 13 (14.6%) 0.0 (0.0%) %

4+ 2 (1.6%) 19 (21.3%) 5.0 (5.3%) 8.3 (9.9%)

BRAF V600E Status 0.145 0.004

Non-Mutated 69 (56.1%) 43 (48.9%) 50.5 (54.0%) 44.8 (53.8%)

Mutated 54 (43.9%) 45 (51.1%) 43.1 (46%) 38.5 (46.2%)

Missing 1 (0.8%) 1 (1.1%)

SMDstandardizedmeandifference, SOCstandard of care, y years, TuPro TumorProfiler projectmelanomacohort, synchronousNon-TuProcontrol cohort.N = refers to the number of treatment lines in the
TuPro and Non-TuPro cohorts, respectively. All results are depicted as either median (interquartile range) orN (% of total). If multiple treatment lines were reported in a cohort, the patient characteristics at
the first reported treatment line are rendered.
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treatment costs per day (+7%, 95%CI−17% to+38%, p= 0.62) were similar
between the two groups.Meanwhile, costs incurred by treatment of AEs were
estimated to be 38% lower (95%CI−80% to+62%) in the TuPro cohort, but
with considerable uncertainty, not considered statistically significant.

Sensitivity analysis and subgroups
The results of sensitivity analyses using different statistical models are
depicted in Supplementary Fig. 2. In summary, models yielded similar
results with overlapping confidence intervals.
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Costs (CHF)

Fig. 2 | Box plots depicting the distribution of estimated costs for the unadjusted
TuPro and Non-TuPro cohorts, treatment level perspective. TuPro Tumor Pro-
filer project melanoma cohort, Non-TuPro control cohort, AE adverse events, AE
costs costs incurred by the treatment of AEs, Diagn. Costs costs of initial diagnostic

work-up, i.e., MelArray (standard next generation molecular sequencing panel) vs
TuPro multi-omics testing, Total costs sum of treatment costs, AE costs and diag-
nostic costs. All costs in Swiss Francs (CHF).
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When analyzing subgroups by lines of treatment, consistent patterns
were observed, and there was no evidence for a subgroup effect for total
costs, total costs per day, treatment costs, and treatment costs per day. In
analyses by intention of treatment, total costswere comparable in theTuPro
cohort compared to the control in the palliative beyond SOC setting (−6%,
95% CI−33% to+32%), with treatment costs and treatment costs per day
being 19% lower (95% CIs −47% to +26% and −41% to +11%, respec-
tively). Subgroup analyses by treatment category were highly unstable with
questionable interpretability and are thus not presented. Across BRAF
status subgroups, we generally found higher total costs and treatment costs
in TuPro vs the control among patients with positive BRAF status, but there
was insufficient statistical evidence for such a subgroup effect.

To summarize, differences in total costswere non-significant, although
diagnostic costs were substantially more expensive. Treatment costs were
broadly comparable.

Discussion
In this comparative cost analysis of melanoma patients from the TuPro
multi-omics guided treatment cohort and a synchronous control cohort
receiving treatment based on standard NGS, we found a non-significant
trend towardshigher total costs (+23%, 95%CI−10% to+67%) andhigher
total costs per day (+21%, 95% CI −15% to +71) with the TuPro cohort
compared to the control group. However, we found broadly comparable
treatment costs (+1%, 95%CI−28% to+41%) and treatment costs per day
(+7%, 95% CI −17% to +38%). Differences in costs incurred by adverse
events (−38%, 95% CI−80% to +62%) were non-significant. Meanwhile,
diagnostic costs for the TuPro multi-omics diagnostics platform (CHF
17,554) exceeded conventional NGS (CHF 3058) substantially. Treatment
costs accounted for the largest proportion of total costs in both cohorts,
although the proportion was substantially higher in the control cohort, due
to substantially longer time-on-treatment (Supplementary Fig. 3). We
found no suggestion that the distribution of cost should differ for BRAF
V600E mutated vs non-mutated subgroups (Supplementary Fig. 4) or by
intention of treatment (Supplementary Fig. 5). Interestingly, there appeared
to be a trend towards lower treatment costs in the TuPro in the palliative
beyond SOC setting compared to the control group, although the finding is
fraught with high uncertainty.

In unadjusted analyses, we found that the total costs and treatment
costs from theTuPro cohort were lower than in the control cohort, owing to
a substantially lower time on treatment. This is likely due to the fact that
patients in the TuPro cohort were generally in later lines. Hence, controlling
for confounding using multiple adjustments was necessary. Using a similar
adjustment, ORR and PFS of the TuPro cohort compared favorably to the
control cohort7, indicating that such an adjustment sufficiently corrected for
potential differences in clinical outcomes between groups. Additionally, as
previously described7, not all technologies planned according to the TuPro
protocol were implemented prior to giving a treatment recommendation.
Hence, on average, costs for diagnostics for multi-omics guided treatment
recommendations could be substantially lower. However, even if the costs
for multi-omics profiling were to increase by 25%, differences in total costs
between cohorts remained non-significant. Increasing costs for the multi-

omics profiling by 50%, however, resulted in a significant difference in total
costs (Supplementary Table 10). Results did not differ if a patient-level
perspective instead of a treatment level perspective was adopted (Supple-
mentary Table 11, Supplementary Figs. 6 and 7) and showed consistency in
subgroup analyses.

Based on our study, the highest potential for multi-omics guided
treatment decisions may lie in the palliative, beyond SOC setting, where
high-quality evidence on the most suitable treatment option is scarce.
Assuming a treatment duration of 1 year and extrapolating from our results
from the beyond SOC subgroup, the hypothetical cost for 1 year of treat-
ment, including diagnostic work-up and AE costs, would be CHF 1,73,314
for a patient treated in accordance with the TuPro protocol and CHF
2,55,664 for a patient with conventional NGS (difference of CHF−82,350).
Extrapolating the data from the cost comparison of the total cohort, the cost
for 1 year of treatment and a diagnostic work-up, as well as the costs for
treatment of AEs, would be CHF 1,49,310 for TuPro and CHF 1,13,397 for
the control cohort (a difference of CHF 35,913). In light of current prices for
oncological care, the costs thus still seem to be contained for a multi-omics
driven decision support program such as TuPro.

Indeed, immunotherapies such as checkpoint inhibitors can cost
between $100,000 and $150,000 annually per patient, while cellular therapies
like CAR-T often exceed $350,00014. Within oncology, the efficacy of treat-
ment options for later-line remains modest15 and hence, cost-effectiveness
remains a challenge. Until recently, beyond-SOC options were limited to
conventional chemotherapy such as dacarbazine or a rechallenge with
immune checkpoint inhibitors16. Recently, treatment with tumor-infiltrating
lymphocytes (TIL) has emerged as a further option in advanced melanoma
having progressed under first-line therapy, achieving an objective response
rate of 49%17. However, the price for a treatment with TILs for advanced
melanoma in the United States exceeds USD 5,00,00018. Given the fact that
TuPro melanoma achieved an objective response rate of 38% for a cohort of
patients with far more advanced disease7, multi-omics tailored treatment
recommendations appear to be an equally effective but potentially less costly
treatment strategy for melanoma patients beyond SOC.

Our study has several limitations. First, the designwas not randomized.
Ideally, these findings would need to be corroborated in a prospective,
randomized trial against a potentially new therapeutic gold-standard such as
TILs, which, due to multiple constraints (ethical, financial and sample size),
is unlikely to happen. However, due to the difficulty of recruitment for a
prospective randomized trial to assess the efficacy of treatment options, we
reason that such anobservational study is a scientifically viable option,which
allows, at a minimum, the generation of hypotheses andmay, in addition to
that, provide a foundation to estimate potential effect sizes for multi-omics
programs. Second, we performed a comparative cost analysis and not a full
cost-effectiveness assessment. However, due to the fact that there was no
prospectively randomized control arm for the reasons mentioned above,
quality of life was not assessed, and overall survival outcome is not the most
robust outcome parameter in a later-stage, heavily pretreated palliative
cohort, so this was not possible. Third, the analysis is heavily based on Swiss
prices for drugs, patient visits and diagnostics. We are aware that cost
structures vary considerably from country to country and that transferring

Fig. 3 | Forest plot of modeled cost comparisons
between TuPro and control cohorts based on
IPTW-weighted analyses and additional statistical
adjustment for confounding. Adverse events costs
costs incurred by the treatment of adverse events, CI
confidence interval, IPTW inverse probability of
treatment weighting, total costs sum of treatment
costs, adverse events costs and costs for diagnostics
(i.e., TuPro multi-omics profiling vs. standard next
generation molecular panel), TuPro Tumor Profiler
project melanoma cohort.

Estimate (95% CI)Outcome

+23% (−10% to +67%)

+21% (−15% to +71%)

+1% (−28% to +41%)

+7% (−17% to +38%)

−38% (−80% to +62%)Adverse effects costs

Treatment costs per day

Treatment costs

Total costs per day

Total costs

−100% −75% −50% −25% 0% 25% 50% 75% 100%
% difference to standard care
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results in an international context warrants caution. However, recent pub-
lications do suggest that our findings may be true, at least for health care
systems in theWesternHemisphere. Indeed,Owens et al. recently published
very similar figures for advanced diagnostic profiling costs in pediatric
cancer patients in Australia (Australian Dollars AUD 21,769 per molecular
tumor board recommendation)19. Fourth, the cost analysis was performed
from a third-party payer perspective and not from a full societal perspective,
as quantification of differences in indirect costs and costs for implementing
multi-omics profiling on a national scale could not be achieved with suffi-
cient precision. Finally, there was substantial statistical imprecision in the
results. We deem this to be primarily due to the sample size of the hetero-
geneous cohort in combination with the complex statistical methodology
necessary to deal with confounding between the compared cohorts. Due to
these limitations, our results should be interpreted with caution.

In conclusion, we did not find evidence of significant differences in
treatment costs, albeit a non-significant trend toward higher total costs.We
conclude that multi-omics-guided treatment decision support remains a
suitable and cost-controlled option, especially in comparison to the costs of
cellular therapies. We suggest that, in addition to a substantial clinical
benefit, the multi-omics-guided treatment approach is possibly most eco-
nomical for patients in a palliative, beyond SOC setting.

Methods
Design and dataset
The studywas designed as a comparative cost analysis, with the investigated
population being patients treated at the University Hospital of Zurich,
Switzerland, either participating in the Tumor Profiler Melanoma (TuPro)
study or not. The feasibility and effectiveness outcomes of the TuPro study
have been published previously7.

The patient selection of the two cohorts is detailed in the STROBE
Flowchart (Fig. 1).

The TuPro melanoma project cohort consisted of 93 patients with
histologically confirmed malignant melanoma of any subtype who con-
sented to participate in the TuPro project in the period January 2019 to
November 2020. Four patients received experimental treatments within
clinical trials and were excluded from this analysis due to unassessable
treatment costs.

The control cohort consisted of 207 patients diagnosed with histolo-
gically confirmed malignant melanoma of any subtype, treated at the
University Hospital of Zurich, who underwent standard next-generation
sequencing (NGS) testing during the time span of February 2019 to July
2021, and provided a general research consent. Sixty-six patients were
excluded: one patient died before therapy could be initiated, 38 did not
undergo therapy, four hadparticipated in adouble-blinded clinical study, 17
from the control cohort received treatments within a trial setting, in 4
patients the treatment periods did not overlap with the defined inclusion
period, four had their diagnosis of melanoma revised in due course, 6 were
lost to follow-up, and nine withdrew consent.

Patient data were collected from the TuPro clinical database, the Swiss
Melanoma Registry (SwiMelaReg) and extracted from electronic health
records up until the end of follow-up on May 31, 2023.

The spanof the inclusionperiod fromthe control cohort exceeded that of
the TuPro cohort, to account for the time lag of therapy decisions based on
TuPro results, which could have happened after accrual into theTuPro cohort
hadbeen stopped.Wehence chose a longer accrual span for the control cohort
to account for a similar time interval of treatment recommendations.

To account for possible shifts of costs into subsequent treatment lines,
treatment lines included all lines, including subsequent treatments not
guided by TuPro recommendations. In total, 89 patients with 176 corre-
sponding treatment lines in the TuPro cohort and 124 patients with 182
treatment lines in the control cohort were retained for further analysis.

Costs
We defined the primary outcome as total costs, consisting of the individual
components: treatment costs, costs for diagnostics and costs for AEs being

secondaryoutcomes.Treatment costswere estimated considering treatment
schedule, time on treatment and official prices from the official Swiss
medicines price list (Spezialitätenliste20) as well as estimated costs for con-
sultations by physicians, costs for laboratory analysis, disposables and
nursing costs. Costs for treatment of AEs included estimated costs for an
emergency consultation, as well as medication costs as per prices from the
Swiss medicines price list (Spezialitätenliste20). Costs for hospitalizations
were calculated using Diagnosis-Related Groups (SwissDRG, catalog
202121). Costs for diagnostics included costs for a MelArray panel in the
control group (CHF 3058.40) or estimated costs for the Tumor Profiler
diagnostics platform, as published previously (CHF 17,554.44)7. As pre-
viously described, the costs for multi-omics profiling were assessed as
marginal costs of production, i.e., the cost of one additional analysis on an
otherwise fully funded analysis platform running at full capacity7. The
market price was used for the cost of the NGS genomic marker test. For
experimental technologies, costs were assessed using Swiss research prices
(Swiss Personalized Oncology program costs), accounting for personnel
costs (analysis time & full-time-equivalent salary costs) as well as costs of
reagents7. A list of the input parameters can be found in Supplementary
Tables 1–4.

Conceptual approach of the comparative analysis
As the focus of this study was a cost analysis, we considered each treatment
line as the basic element for our analysis. Due to relevant differences in
patients and treatments between the TuPro cohort and the control group,
we followed a conceptual approach and used several adjustmentmethods in
the statistical analyses to ensure comparability between treatment lines. This
approach differed from the comparative analysis in the initial publication
from Miglino et al.7.

To determine potential confounders, we explored several covariates
that were defined a priori based on clinical expert knowledge (Supple-
mentary Table 5). From these, we identified potentially confounding cov-
ariates associated both with selection into TuPro and cost outcomes for a
minimal adjustment set. An extended set of covariates used in sensitivity
analyses was defined as all variables associated with either selection into
TuPro or associated with the outcome. Interaction terms were assumed for
treatment line and treatment duration since later-line treatments had
shorter treatment durations until progression, as well as for age and
Charlson Comorbidity Index (CCI) and ECOG status. This was done as we
observed slight differences for these factors between cohorts, and since
treatment selection may have also depended on these factors. Meanwhile,
the latter interaction was not applied for AE costs, as higher age, CCI and
ECOGwere all expected to be associated with a higher risk of AEs. Directed
acyclic graphs (DAGs) for the assumed relationships are shown in Sup-
plementary Fig. 1.

Subgroup analyses
We conducted subgroup analyses by treatment line, intention of treatment
(i.e., adjuvant, palliative SOC, and palliative beyond SOC), treatment cate-
gory (i.e., chemotherapy only, TKI monotherapy, IO monotherapy, com-
bination therapies, tumor vaccine, and bispecific T-cell engager therapy),
BRAF V600E mutational status (i.e., negative vs. positive), and primary
location of the tumor (i.e., skin, mucosal, uveal, and unknown). No sub-
group analyses were conducted for AE costs due to data sparsity (low rate of
AEs in studypopulation: in total 78.4%of treatment lineswithoutAEs in the
TuPro cohort and 59.9% of treatment lines in the control cohort, Supple-
mentary Table 6).

Statistical approach
Results were first analyzed descriptively and without adjustment. The non-
parametric Mann–Whitney U test was used to analyze differences between
unadjusted cohorts.

For adjustment of the cohorts, we applied inverse probability of
treatmentweighting (IPTW) to account for selection into the TuPro cohort.
IPTWwas implemented at the patient level based on patients’ clinical status
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at enrollment (i.e., at first treatment within the study). Propensity scores
were estimated based on theminimal and the extendedmodel using logistic
regression. From this, IPTWweights for the average treatment effect (ATE)
were estimated. Patient-level weights were then applied for all treatments
provided to the respective patient. Two models were established, a main
model with matching based on a limited covariable set and an additional
IPTWmodel based on an extended covariable set for sensitivity analysis. As
an alternative approach, propensity score matching (PSM) was imple-
mented at the level of individual treatments for an additional sensitivity
analysis. A genetic PSM algorithm was used with replacement and with
exactmatching by treatment line, in order to create two PSMdatasets based
on the minimal and the extended set of covariables for propensity score
estimation.

Characteristics of the patients and treatments were compared
descriptively based on the unweighted data, the IPTW weighted data, and
the PSM datasets. A better covariable balance was achieved through IPTW
and PSM. However, imbalances persisted and standardized mean differ-
ences after IPTW and after PSM were still greater than 0.1 for several
covariates. Hence, additional adjustment for relevant confounders in sta-
tistical models was deemed necessary.

For the analysis of total costs and treatment costs, a generalized linear
model (GLM) using IPTW and a gamma distribution with log-link was
used. This model resulted in estimates that could be interpreted as a mul-
tiplicative effect (or percent difference) of TuPro-driven treatment com-
pared to conventional treatment. In primary analysis, the minimal
covariable set was used for IPTW estimation and additional adjustment. In
sensitivity analyses, the same models were applied using IPTW and addi-
tional adjustment based on the extended covariable set, and using the PSM
datasets with additional adjustment based on both the minimal and
extended covariable set. In further sensitivity analyses, IPTW weighted
linear models modeling the logarithm of the total and treatment costs were
run, adjusting for theminimal and extended set of covariables. These results
could also be interpreted as a multiplicative effect (or percent difference) of
TuPro-driven compared to conventional treatment.

For the analysis of AE costs, a two-part hurdle model was used due to
the zero-inflated nature of the data. In thefirst part, the probability of having
zero AE costs was estimated. In the second part, themultiplicative effect was
estimated among participants with non-zero costs using a gammaGLM.An
adaptedmodel forAEswas used (see conceptual approach), and the analysis
was conducted using IPTW and additional adjustment based on the mini-
mal covariable set. To calculate predictedAE costs, the first and second parts
of the two-part model were then combined: the predicted probability of
having non-zero costs was multiplied by the predicted AE costs occurring
with each treatment line in a dataset, assuming all treatments were TuPro-
driven or conventional. The effect of TuPro-driven compared to conven-
tional treatmentwas then estimatedby calculating the geometricmeanof the
ratio between the predicted AE costs assuming all treatments were TuPro
driven and the predicted AE costs assuming all treatments were conven-
tional. In a sensitivity analysis, the analysis was conducted using the PSM
dataset with additional adjustment based on the minimal covariable set.

For subgroup analyses, models including an interaction term between
treatment cohort (TuPro or Non-TuPro) and the corresponding variables
were fit. Modeling for subgroup analyses was based on an IPTW weighted
gamma GLM based on the minimal set of covariables. Stratum-specific
effects for TuPro-driven treatment compared to conventional treatment
were estimated from these interaction models. To test for subgroup effects,
likelihood ratio tests comparing these interaction models and correspond-
ing models without interaction but including the subgroup covariable were
performed.

All results were estimated as multiplicative effects. Accounting for
clustering at the patient-level using mixed-effects models was not possible
since the sparsity of the data resulted in non-convergence of the corre-
sponding statistical models.

Robust standard errors and resulting 95% confidence intervals (CIs)
were estimated using the HC4m estimator proposed by Cribari-Neto et al.

for all main estimates22. For the subgroup analyses, regular standard errors
were estimated since the robust standard errors were unstable due to the
small sample size, resulting in partially narrower confidence intervals. For
AE costs, 95% CIs were estimated using a bootstrap approach with 1000
repetitions, using the 2.5th and 97.5th percentiles of results (p-values were
not estimable using this method).

Cases/treatment lines with missing data were excluded from the
matched analysis. Missingness was limited: <5% in the IPCWmodel with a
limited covariable set and for the PSMmodel, 30% in the IPCWmodel with
an extended covariable set at the treatment level and 10.4% in the IPCW
model with an extended covariable set at the patient level.

Results with a p-value < 0.05 were considered statistically significant.
No p-value adjustment was conducted due to the exploratory nature of this
study and for better interpretability. This article complies with the STROBE
reporting guidelines23.

Software
All analyses were conducted in R (v4.4.1). Data was collected in
Microsoft Excel.

Ethics
This study followed the ethical principles outlined in the Declaration of
Helsinki and subsequent amendments and was approved by the local ethics
committee (BASEC: 2018-02050; 2021-01584). All participants provided
their written consent prior to inclusion; patients in the TuPro cohort were
required to provide project-specific written informed consent prior to
enrollment, and patients in the control cohort had provided general consent
as standard procedure in theUniversityHospital of Zurich. Data of patients
for whom consent could not be obtained or for whom consent was unclear
were not included in this study.

Data availability
Aggregated clinical data relevant to this publication have been made
available as supporting information. To comply with applicable laws and
regulations, including the Swiss HumanResearchAct, access to the patient-
level clinical and biological data will be granted to registered users listed on
the data access agreementwith theTPCwithin 4weeks of receipt of theData
Access Agreement, provided that the applicant submits all necessary ethics
committee approval and supporting documents needed to meet the
requirements of the agreement. Data access can be requested by contacting
the TPC (nicola.miglino@usz.ch). The user institution agrees to destroy or
discard the data once it is no longer used for the project, and in cases where
data must be archived, it must be deleted within 10 years of the project’s
completion. If data has not been archived, it must be deleted no later than 2
years following the completion of the project. An extension to this period
can be provided upon request to the TPC leadership. Data sharing is subject
to honoring patient privacy and data integrity.
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