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Bruno Köhler, PhD11,12; Else Driehuis, PhD1 ; and Rene Jackstadt, PhD2,5,13

DOI https://doi.org/10.1200/PO-25-00501

ABSTRACT

PURPOSE Neoadjuvant chemotherapy is a key component of curative treatment in
advanced colorectal cancer (CRC). However, 30%-40% of patients show
progression on treatment, underscoring the need for predictive tools to guide
up-front treatment selection. Scalable and reproducible methods for pa-
tient stratification remain limited. MicroOrganoSpheres (MOS) are droplet-
encapsulated 3D tumor models that allow for high-throughput functional
drug testing. Here, we evaluate the potential of tumor-derived MOS to predict
response to chemotherapy in patients with CRC.

METHODS MOSdroplets were generated from 37 primary and/ormetastatic tumor samples
collected from 21 patients. MOS response to chemotherapy was quantified using
AI-based imaging analysis and compared with clinical response (RECIST/dis-
ease-free survival [DFS]) and lesion-specific outcomes (pathologic response/
percent tumor volume change).

RESULTS MOS chemoprediction assay showed high reproducibility (coefficients of var-
iation ≤ 2.5%). MOS drug sensitivity recapitulated patient response with 83%
accuracy in the full sample cohort and 100% accuracy when derived from
primary tumors. Patients with sensitive MOS showed longer DFS. Individual
MOS analysis revealed preservation of intratumor heterogeneity in vitro and
enabled identification of drug-resistant clones.

CONCLUSION MOS technology offers a scalable and robust functional precision medicine
platform with potential to guide clinical decision making in CRC. The platform
accurately predicts patient response to chemotherapy and provides insights into
intrapatient and intratumor heterogeneity.

INTRODUCTION

Colorectal cancer (CRC) is the thirdmost common cancer type
and second-leading cause of cancer-related death.1,2 Prog-
nosis for advanced-stagedisease remains poor,withonly 14%
5-year overall survival for metastatic cases.3 Curative treat-
ment may combine surgery with doublet or triplet chemo-
therapy for selected cases. Neoadjuvant therapymay improve
surgical outcomes, reduce total chemotherapy administered,
and lower the likelihood for local recurrence.4,5 However, its
role relative to adjuvant therapy remains debated.6,7 Standard

chemotherapy regimens (infusional fluorouracil (5-FU),
leucovorin, and oxaliplatin [FOLFOX]/5-FU, leucovorin, and
irinotecan [FOLFIRI]/5-FU, leucovorin, oxaliplatin, and iri-
notecan [FOLFOXIRI]) achieve an initial response rate of 60%,
yet disease progression within 2 years is common.8,9 To date,
no validated biomarkers can reliably guide chemotherapy
selection. Therefore, treatment decisions remain based on
clinicopathologic features and treatment history.10-13 This
underscores the need for functional assays that can predict
individual patient response and enable personalized treat-
ment decisions.
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Patient-derived tumor organoids (PDTOs) are a valuable tool
to model treatment response.14-16 Multiple studies have
shown that PDTOs can predict clinical responses to che-
motherapeutic agents.15-18 However, adoption into clinical
practice remains hampered by the time required to obtain
sufficient biomass, labor- and cost-intensive workflows,
and dependence on skilled personnel, hindering standard-
ization across clinical centers.15,19,20 As such, automated
assays are critical to enable integration of PDTO assays into
routine diagnostics.

Here, we demonstrate the clinical utility of a Micro-
OrganoSphere (MOS)-based functional precision oncology
platform,21 which enables standardized and automated
patient-specific cancer model generation and drug screen-
ing using microfluidic droplet encapsulation of dissociated
tumor cells or PDTOs. Building on proof-of-concept
data,21,22 here, we have applied MOS-based screening to a
larger retrospective clinically annotated cohort of patients
with CRC to evaluate its potential to inform clinical decision
making. In addition, we used image-based single-MOS
analysis to study intratumoral heterogeneity in chemo-
therapy response in vitro.

METHODS

Detailed methods are provided in the Data Supplement.

Patients and Specimens

The study cohort comprised 33 patients with stage III and IV
CRC treated with standard-of-care neoadjuvant combina-
tion chemotherapy, followed by curative-intent surgery. The
study received approval by the local medical ethics com-
mittee (S-136/2021 and S-708/2019), and all patients pro-
vided written informed consent for data and tissue collection

and analysis. A total of 66 primary and/or metastatic
resected tumor specimens were collected. Detailed patient
and sample characteristics are provided in the Data Sup-
plement (Tables S1 and S2).

Tumor Tissue Processing and Ex Vivo Drug
Sensitivity Testing

On the day of surgery, tumor samples were dissociated and
cryopreserved. Dissociated cells were thawed and ex-
panded to PDTOs in tumor-selective medium. PDTOs were
expanded to sufficient biomass and subsequently disso-
ciated into single cells, resuspended in Matrigel, and
packed into MOS droplets using the MOS generator V4.2
(20 cells/MOS). After a 2-day recovery, MOS were dis-
pensed into 384-well plates (40 MOS/well), together with
a fluorophore-conjugated EpCAM antibody using an au-
tomated liquid handler. 5-FU, oxaliplatin, and SN-38 were
added to the plate in a nine-point dose gradient as single
agents and in clinically relevant combinations. Brightfield
and fluorescence images were acquired using a high-
throughput confocal microscope on days 0, 3, and 4.
The total duration of the assay fromMOS generation to the
end point was 7 days.

MOS Drug Sensitivity Analysis

Individual MOS droplets were segmented from brightfield
images of the assay plates using a custom deep neural
network model. Within the masks generated through seg-
mentation, EpCAM fluorescence integrals were calculated
per MOS at each time point and subsequently normalized to
initial assay intensities to correct for differences in biomass
at the assay starting time point. In vitro drug sensitivity was
determined by computing the viability for each drug-treated
condition relative to the sample-specific vehicle and kill

CONTEXT

Key Objective
We evaluated the application of MicroOrganoSpheres (MOS) in an ex vivo functional precision medicine platform to predict
lesion- and patient-level clinical response to neoadjuvant combination chemotherapy in patients with advanced-stage
colorectal cancer (CRC).

Knowledge Generated
MOS recapitulated clinical drug response with 83% accuracy. In addition, image-based in vitro drug response assessment
offered insights into intratumoral response heterogeneity and enabled the identification of drug-resistant clones.

Relevance
MOS-based testingmay inform treatment decisions for patients with advanced-stage CRC, where relapse rates remain high.
Moreover, the standardized and automated workflow could expedite the application of functional precision medicine
screening into clinical practice.
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controls. pIC50 values were calculated from fitted dose-
response curves for each sample and treatment. Subse-
quent ranking of all models from sensitive to resistant
resulted in a MOS drug response score as a measurement of
relative model sensitivity.

Correlation With Patient Response and
Statistical Testing

Binary tumor-level clinical response was determined by
radiologic response for metastatic tumors (≥20% growth 5

Progression, consistent with RECIST thresholds23) and by
pathologic regression based on Dworak score (tumor re-
gression grade [TRG]05 Progression; TRG1-45Response24)
for primary tumors. Clinical response was correlated with
individual MOS drug response scores. Wilcoxon rank-sum
tests were used to compare response groups, and P values
were adjusted for multiple comparisons using the
Benjamini-Hochberg method. A patient-level permutation
analysis was implemented to account for nonindependence
ofmultiple lesions contributed by the same patient under the
null hypothesis of no association.

Receiver operating characteristic (ROC) analysis was per-
formed to evaluate the ability of pIC50 values to discriminate
clinical response. AUC was calculated with 95% CI estimated
by bootstrap resampling under a binormal model.

MOS drug response scoreswere correlatedwith patient-level
disease-free survival (DFS) from the date of surgery using
Kaplan-Meier visualizations. Groups (≤50 and >50th per-
centile) were compared using the Mantel-Cox log-rank test.
P values were adjusted for multiple comparisons using the
Benjamini-Hochberg method.

RESULTS

Validation of the MOS Functional Precision Oncology
Screening Platform

Here, we validated the clinical utility of the MOS screening
platform21,22 (Fig 1A). The automated, high-throughput
screening pipeline consisted of a MOSgen microfluidic de-
vice (Fig 1B, Data Supplement, Fig S1 and Video S1) integrated
into a robotic laboratory workflow. Readout of drug sensi-
tivity was quantified using an AI-based imaging analysis
pipeline (Fig 1C, Data Supplement, Video S2) comprising (1) a
machine learning–based droplet segmentation model that
segments each MOS droplet from brightfield images, (2) a
signal extraction method that quantifies fluorescent
markers for each segmented MOS droplet, and (3) a sta-
tistical analysis method that normalizes the extracted signal
to generate dose-response curves. To assess assay repro-
ducibility, in vitro chemotherapy sensitivity of an estab-
lished CRC PDTO MOS model was determined 35 times over
the course of 22 weeks, with screening performed by six
independent operators. The coefficients of variation (CV) of
the pIC50 values for all five single-agent and drug

combinations tested (Fig 1D) were ≤2.5% (range, 1.7%-
2.5%), which is notably lower than the established accep-
tance threshold of <10% for complex cellular assays.25,26

Based on these results, we proceeded with testing the drug
sensitivity in a clinically annotated retrospective cohort of
patient-derived tumor samples.

Establishing MOSModels From Tumor Samples Derived
FromPatients TreatedWith Neoadjuvant Chemotherapy

Clinical Sample Processing and MOS Generation

Post-treatment resections of patientswith CRCwho received
standard-of-care neoadjuvant chemotherapy were disso-
ciated and cryopreserved as single cells on the day of surgery.
Themedian sample viability was 65.5% postdissociation and
58.7% post-thawing (Data Supplement, Fig S2A), with a
median cryopreservation-induced change of –4.7% (Data
Supplement, Fig S2B). PDTOs were established (using pre-
viously described methods27) from thawed tumor material.
Thirty-nine PDTOs were processed into MOS droplets and
subsequently drug screened (MOS generation success rate:
100%). Based on post-readout screening data QC (Detailed
Methods), two were excluded from downstream analysis
(assay success rate: 95%), leaving 37 models (from 21 pa-
tients) to be included in the correlation analysis (Data
Supplement, Fig S2C).

Clinical Characteristics of Included MOS Models

Of 37 included MOS models, 25 were derived from liver
metastases, two from lymph node metastases, and 10 from
primary tumors (Fig 2A). Most lesions were obtained from
patients diagnosed with UICC Stage IV CRC, with the ana-
tomic site of the primary tumor being colon for 19 of 37 (51%)
samples and rectum for the remaining 18. Twenty-five of
37 (68%) samples were derived from patients treated with
FOLFOX, 6 of 37 (16%) were derived from patients with
FOLFIRI, and 6 of 37 (16%) were derived from patients
with FOLFOXIRI. For 10 of 21 (48%) patients, more than one
lesion was included (Fig 2B). Detailed patient characteristics
are shown in the Data Supplement (Tables S1 and S2).

PDTO Tumor Status Confirmation by Histology and
Whole-Exome Sequencing

We confirmed the retainment of histopathologic features of
the original CRC tumor tissue in the generated PDTOs using
immunohistochemistry (Fig 2C, Data Supplement, Fig S2D).
To genetically confirm the tumor status of the generated
models, whole-exome sequencing was performed on PDTO-
derived DNA where available (n 5 34). For all analyzed
models, tumor status was confirmed by detection of known
CRC driver mutations28 (Fig 2D, Data Supplement, Table S3).
Frequency of detected mutations in PDTOs was comparable
with those reported formetastatic CRC samples.29 APC, TP53,
and KRAS were the most prevalently mutated genes in the
cohort (94%, 62%, and 47% of samples, respectively). We
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confirmed that the PDTOwith the highestmutational burden
(S8), which came from a patient with clinically diagnosed
DNA mismatch repair deficiency, indeed harbored a path-
ogenic p.Arg621* MSH2 mutation. Finally, sequencing of
lesions obtained from different anatomic sites within the
same patient revealed shared driver mutations, alongside
lesion-specific mutations in metastases, indicating con-
tinuous genetic evolution of metastases in vivo (Data Sup-
plement, Table S3).

In Vitro MOS Response Recapitulates Patient Response
to Chemotherapy

Determining MOS Droplet Drug Sensitivity

All 37 samples were evaluated for sensitivity to combination
chemotherapies, including the therapy received by patients
during their treatment course. In vitroMOSmodel sensitivity
was determined by calculating the relative viability for each
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FIG 1. MOS functional precision oncology screening platform. (A) Schematic representation of the MOS precision medicine screening
platform used in this study. The visual illustrates the workflow from the patient sample (left) to in vitro drug sensitivity quantification
(right). (B) Highlights of novel features of the MOSgen device used in this study, integrated since earlier publications.21,22 Image-based
MOS droplet size adjustment (left), MOS droplet output in culture medium (right). (C) Top: different imaging readouts acquired/generated
during MOS drug sensitivity screening. From left to right: brightfield image, MOS-droplet detection and segmentation algorithm, EpCAM-
based fluorescence signal used for tumor cell viability quantification, three channels composited. Bottom: examples of MOS image
readouts on the day of dosing (left), at 60 hours (middle), and at the end point of 96 hours (right) with negative vehicle control (DMSO; top)
and positive kill control (staurosporine, STAURO; bottom). MOS detection output is indicated in green circles, and EpCAM fluorescence
signal in red. Scale bar 5 200 mm. (D) pIC50 values (y-axis) obtained by screening an identical (control) MOS model for different
chemotherapy single agents and combinations (x-axis) to assess assay precision. Shown% indicates CV. Y-axis pIC50 values are inmolar.
5-FU, 5-fluorouracil; CV, coefficients of variation; DMSO, dimethyl sulfoxide; FOLFIRI, fluorouracil, leucovorin, and irinotecan; FOLFOX,
infusional fluorouracil, leucovorin, and oxaliplatin; MOS, MicroOrganoSphere.
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drug-treated condition using EpCAM fluorescence intensity
(Methods) and fitting dose-response curves (Fig 3A). Re-
sponse was quantified by ranking pIC50 values across all
screened samples for each chemotherapeutic regimen from
most sensitive (0%) to most resistant (100%) model to
establish a MOS drug response score. We compared MOS
sensitivity with the regimen the patient had received to

alternative oxaliplatin- (FOLFOX) or irinotecan-based
(FOLFIRI/FOLFOXIRI) regimens (Data Supplement, Fig
S3A). Most MOS models displayed similar sensitivity to ei-
ther regimen, whereas others displayed preferential sensi-
tivity to one specific chemotherapy regimen. This suggests
that, in a clinical setting, differential responses to these
different regimens may be expected.
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FIG 3. In vitro MOS response recapitulates patient response to chemotherapy. (A) Dose-response curves of 19 MOS models exposed to
FOLFOX in vitro. Relative viability represents the viability of drug treated conditions normalized to vehicle (5100%) and staurosporine
(50%) controls. Green and red lines represent MOS models derived from lesions that showed clinical response or progression based on
TRG (primary) or RECIST-like scoring (metastases). (B) Comparison of MOS drug response score between lesions that showed clinical
response or progression in the full cohort (n 5 37 lesions from n 5 21 patients), metastasis (n 5 27 lesions from n 5 16 patients), and
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Correlation of MOS Response With Clinical Patient
Response

Next, in vitro MOS response was linked to lesion-specific
clinical outcomes, with operator blinding ensured by re-
leasing clinical data only postscreening. We integrated
gold-standard pathologic evaluation for primary tumors,
providing a direct measure of tumor regression, with
practical, real-time radiologic response for metastatic
settings where TRG is often unavailable (Methods).

MOS-based in vitro response recapitulated lesion-specific
clinical response, with statistically significantly greater
chemoresistance observed in samples that showed clinical
progression in patient-näıve analyses (Wilcoxon Padj 5 .005,
Padj 5 .032 and Padj 5 .019 for all, metastatic and primary
tumors, respectively; Fig 3B). After accounting for within-
cluster correlation with patient-level permutation testing,
the association between MOS response and clinical outcome
remained significant for all and primary (P 5 .012 and P 5

.016), but not for metastatic tumors (P 5 .212). In addition,
we attempted a three-tier classification, distinguishingmild
from strong responses and progression (Data Supplement,
Fig S3B). Lesion-näıve analysis showed significant differ-
ences between themild and strong response groups from the
progression group (Padj5 .024 and Padj5 .0003, respectively)
in the full cohort, which were maintained after patient-level
permutation analysis (Padj 5 .039 and Padj 5 .001,
respectively).

ROC analysis (Fig 3C), using binary classification, revealed
that the assay discriminated responders from nonre-
sponders with an AUC of 0.86 (95% CI, 0.74 to 0.98) in the
complete cohort (n5 37 lesions from n5 21 patients). At the
prespecified cutoff maximizing balanced sensitivity and
specificity, the assay showed 83% accuracy (95% CI, 69 to
100), 82% sensitivity (95% CI, 64 to 100), and 85% speci-
ficity (95% CI, 64 to 100). For metastases (n 5 27 lesions
from n 5 16 patients), the AUC was 0.81 (95% CI, 0.63 to
0.99), the accuracy was 76% (95% CI, 59 to 78), the sen-
sitivity was 71% (95% CI, 60 to 100), and the specificity was
80% (95% CI, 56 to 100). When predicting clinical response

based on primary tumor samples alone (n 5 10 lesions from
n 5 9 patients), assay performed with 100% accuracy
(sensitivity 5 100%, specificity 5 100%, AUCROC 5 1.00).

Using DFS, correlation was assessed at the patient—rather
than lesion—level. MOS models were classified as sensitive
or resistant using a MOS drug response score cutoff at the
50th percentile. Median DFS was higher in the responder
group for all patients combined, patients with sampled
metastatic lesions only, and patients with sampled primary
lesions only. Separation of the responders and nonre-
sponders was also visible in Kaplan-Meier plots (Fig 3D).
Results were not statistically significantwith a patient-naı̈ve
log-rank test (P 5 .133, P 5 .165, P 5 .282, respectively), nor
after a subsequent patient-level permutation analysis (P 5

.310, P 5 .388, P 5 .346, respectively). This indicates that
larger patient cohorts will be required to establish statistical
significance despite the presence of clear trends in the
current study. Taken together, these findings demonstrate
that patient-derived MOS models accurately recapitulate
clinical response and highlight the potential of using aMOS-
based assay for patient stratification.

Multilesion Analysis Reveals Intrapatient Heterogeneity

MOS chemosensitivity data for multiple lesions from dif-
ferent anatomic locations were available for 10 patients,
enabling the detection of intrapatient lesion-specific dif-
ferences in drug response (Fig 3E). For 7 of 10 patients from
whom ≥2 samples were collected, prediction of clinical re-
sponse would have been accurate regardless of which sample
(n 5 16) was measured in the MOS assay. Patient 11 would be
misclassified as a nonresponder, regardless of which of the
two included lesions would have been sampled. For the
remaining two patients, it depends on which lesion was
tested if prediction would have been accurate. Finally, for all
patients in this subcohort from whom a primary tumor
sample was obtained (n 5 4; P14/P15/P17/P20), the primary
tumor consistently predicted clinical response accurately.
This observation is particularly relevant for potential future
clinical applications, where the primary tumor provides the
earliest histopathologic confirmation of CRC.

FIG 3. (Continued). primary tumor (n5 10 lesions from n5 9 patients) groups. Each point indicates a patient-derivedMOSmodel, and the
color indicates tumor origin. Blue5 liver metastases, pink5 lymph nodemetastasis, and orange5 primary tumor. Statistical significance
was assessed using the Wilcoxon rank-sum test, and P values were adjusted for multiple comparisons using the Benjamini-Hochberg
method. (C) ROC curves for predicting treatment response corresponding to the respective box plots in (B). The curves illustrate the trade-
off between sensitivity and specificity across a sliding threshold, with the diagonal line representing an AUCROC of 0.5. AUC is displayed in
the plot body, followed by 95% confidence intervals in parentheses. (D) Kaplan-Meier curves depicting the DFS in the full cohort (n 5 21
patients), metastasis (n5 16 patients), and primary tumor (n5 9 patients) groups, using a cutoff at the 50th percentile of ranked pIC50s.
Groups were compared using the Mantel-Cox log-rank test, and P values were adjusted for multiple comparisons using the Benjamini-
Hochberg method. (E) MOS drug response score for all patients (yellow; n 5 37) and for patients from whom ≥2 lesions were sampled
(gray, n5 10). Each point represents a patient-derivedMOSmodel, and the shape indicates tumor origin. Color indicates clinical response
of the particular lesion as response (green) or progression (red). The dotted line indicates the 83.2% accuracy cutoff defined by the ROC
analysis in (C). DFS, disease-free survival; MOS,MicroOrganoSphere; ROC, receiver operating characteristic; TRG, tumor regression grade.
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FIG 4. Single MOS analysis to detect intratumoral heterogeneity in chemotherapy response. (A) Density plot indicating the distribution
of EpCAM-based relative viability per individual MOS in FOLFOXIRI-treated and control conditions for a single donor sample (P17/S26).
Green symbols indicate individual MOS highlighted in panels (B, C, and E). Diamond indicates one individual MOS at the median of the
vehicle control condition, hexagons indicate individual MOS at the median of high-dose (68.6 nM SN-38) FOLFOXIRI, stars indicate
outlier MOS in high-dose FOLFOXIRI, and square indicates one individual MOS at the median of the staurosporine control. Color scale
indicates the MOS-level viability score, defined as EpCAM-based relative viability per individual MOS (Methods). N indicates the number
of MOS in each condition. (B) Well-level brightfield images of vehicle (top), high-dose (68.6 nM SN-38) FOLFOXIRI (middle), and
staurosporine (bottom) conditions. Transparent overlays indicate individual MOS and are colored by MOS-level viability score. Green
symbols indicate matching MOS to panels (A), (C), and (E) as described above. (C) Enlarged (continued on following page)
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Single MOS Analysis Enables Detection of Intratumoral
Heterogeneity in Chemotherapy Response

Intratumoral Heterogeneity Quantification Using Single
MOS Analysis and Identification of Drug-Resistant Clones

To explore if MOS can be used to measure heterogeneity
in drug response within one sample, we used images
segmented at the MOS level to calculate single MOS
relative viability (Methods). We normalized this viability
against vehicle controls dimethyl sulfoxide (DMSO) and
staurosporine-treated kill controls (Fig 4A, showing results
for P17/S26). As expected, the median viability signal of
individual MOS decreased with increasing chemotherapy
concentrations. Interestingly, a wide distribution of MOS
viability within each treated well was observed, indicating
that PDTOs derived from the same tumor sample maintain
heterogeneous drug responses, a finding in line with pre-
vious studies.30-32 Projection of single MOS-level viability
scores onto brightfield images visually confirmed this het-
erogeneous tumor cell outgrowth inMOS derived from single
samples (Fig 4B, Data Supplement, Fig S4A).

At high chemotherapy doses, some of the tested samples
showed outlier MOS that exhibited high viability at the assay
end point, suggesting that tumor cells within these MOS
continue to proliferate despite the presence of chemotherapy
concentrations toxic to most neighboring tumor cells. In-
spection of brightfield images of these seemingly drug-
resistant MOS (defined as MOS-level viability score >53
median for the drug treatment condition) provides visual
confirmation that they contain higher biomass than most of
their counterparts (median 65%; Fig 4C, Data Supplement,
Fig S4B). This observation illustrates the MOS platform’s
potential to capture and model intratumoral heterogeneity
of drug response in vitro.

MOS Phenotyping via Brightfield Imaging

Machine learning models trained on brightfield imaging can
predict cellular and disease phenotypes and are increasingly
used in drug development.33 Here, we asked if brightfield
imaging can capture drug response MOS phenotypes.

DINOv234 embeddings of individual MOS images were vi-
sualized using the Uniform Manifold Approximation and
Projection (UMAP) algorithm, revealing treatment-specific
(vehicle controls, kill controls, and FOLFOXIRI) clustering of
end pointMOS images (Fig 4D). Cropped single-MOS images
from different regions of the UMAP confirmed expected
morphological characteristics of highly proliferative (Fig 4D,
box 1), partially arrested (Fig 4D, box 2), and growth-
arrested (Fig 4D, box 3)MOS. Based on brightfield imaging
only, FOLFOXIRI-resistant outlier MOS that were previously
identified by EpCAM-based measurement (Methods, Figs
4A-4C) clustered closer to DMSO-treated than to median
FOLFOXIRI- or staurosporine-treated MOS (Fig 4E; mean
UMAP distance from FOLFOXIRI outliers: DMSO 5 2.08;
FOLFOXIRI median 5 2.71; Stauro 5 3.68). In addition to
biological phenotypes, technical factors such as MOS posi-
tion, movement, air bubbles, or plate mishandling were also
captured (Data Supplement, Fig S5). These results suggest
that supervised models may ultimately enable brightfield-
only readout of MOS drug response providing a low-cost,
scalable, live imaging assay.

DISCUSSION

We previously presented proof-of-concept data indicating
that MOS-based ex vivo screening recapitulates clinical
response to chemotherapy.21,22 Here, we have applied MOS-
based functional precision medicine to a larger retrospective
cohort of patients with CRC to validate its potential to inform
clinical decision making.

In vitro MOS drug testing recapitulated lesion-specific
clinical response to standard-of-care chemotherapies with
83% accuracy (82% specificity, 85% sensitivity), exceeding
the pooled accuracy reported for classical CRC PDTOs (76%;
79% sensitivity, 75% specificity).17 This superior perfor-
mance may reflect the assay’s demonstrated reproducibility
and standardization. For primary tumors, the assay showed
100% sensitivity and 100% specificity, although in a limited
cohort (n 5 10). This difference might reflect the higher
clonal complexity of primary tumors, containing more
sensitive clones, or the greater burden of previous treatment
of metastases.

FIG 4. (Continued). brightfield (left) and Calcein AM (right) images depicting MOS of interest. Green symbols indicate example MOS
shown in panels (A, B, and E). Scale bar5 100 mm. (D) Left panel: Unsupervised 2D representation of MOS brightfield images via UMAP
projections of DINOv2 embeddings. Equal numbers of images are plotted from each of three categories across all samples in the cohort
that were assayed with FOLFOXIRI (20 total). Colored points indicate sampled MOS from the following conditions: vehicle (blue), high-
dose FOLFOXIRI (68.7 nM SN-38, orange), and staurosporine (red); bracket in lower left indicates the cluster of empty images resulting
from rare technical artifacts (1.1% for the full data set under described conditions). Right panel: Representative brightfield images of
MOSwhose UMAP projections are located in boxes in (D). Box 1: UMAP area enriched for vehicle control; Box 2: UMAP area enriched for
high-dose (68.7 nM SN-38) FOLFOXIRI; Box 3: UMAP area enriched for staurosporine control. Filters identical to those used in the MOS-
level heterogeneity analysis (Methods) were applied to remove MOS with characteristics that may confound drug treatment com-
parisons before visualization, for the analyses depicted here and in panel (E). (E) Unsupervised 2D representation of MOS brightfield
images via UMAP projections of DinoV2 encodings paralleling MOS outlier vignette for one MOS model (P17/S26). Colored points
indicate MOS from different conditions: vehicle (blue), high-dose (68.7 nM SN-38) FOLFOXIRI (orange), and staurosporine (red). Green
symbols indicate matching MOS to (A-C). FOLFOXIRI, infusional fluorouracil, leucovorin, oxaliplatin, and irinotecan; MOS, Micro-
OrganoSphere; UMAP, Uniform Manifold Approximation and Projection.
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Resistance to standard-of-care regimens is a major clinical
challenge in advanced CRC.35 Extensive preclinical work tries
to identify resistance mechanisms to chemotherapy or
targeted therapies.35,36 By enabling high-throughput, live
imaging of resistant MOS, our approach provides a scalable
method to study intratumoral heterogeneity and dissect
fundamental mechanisms of resistance. In addition, resis-
tance scoring might yield additional precision for patient
outcomes in future investigations.

Together, these findings support the clinical potential of the
MOS platform as a decision-making tool that could increase
response rates by individualizing the patient journey.

Despite encouraging results, limitations of this study in-
clude the cohort’s modest size and heterogeneous clinical

characteristics, which may limit the generalizability of the
current study. Prospective studies in larger cohorts are
needed to validate the predictive potential of MOS-based
screening. Despite technical advances in standardization
and automation, regulatory and reimbursement hurdles
remain barriers for adoption in clinical practice.

In addition, future studies will focus on establishing MOS
directly from primary dissociated tumor cells, further re-
ducing the turnaround time in a diagnostic setting. More-
over, MOS generated directly from tumor tissue retain the
nontumor components of the tumor microenvironment
(TME)21 and further reduce the risk of genetic drift and
selection. This will enable assessment of TME-engaging
therapies to kill tumor cells such as immune checkpoint
inhibitors or TME-targeting antibodies.
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