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ABSTRACT
The interplay between the commensal microbiota and the mammalian immune system may influence the outcomes of T cell-
driven cancer immunotherapies. However, clinical studies supporting microbiota-based interventions in chimeric antigen recep-
tor T-cell (CAR-T) therapy remain scarce. This study included 30 adult patients with B-cell lymphoma treated with axicabtagene 
ciloleucel (axi-cel) or 4-1BB investigational product. Shotgun metagenomics sequencing (SMS) of fecal samples, collected before 
lymphodepletion and 1 month post infusion, enabled species-level resolution. We also trained 25 microbiome-based machine-
learning (ML) models for response prediction. Neither prior “high-risk” antibiotics exposure nor alpha diversity influenced tox-
icity, response, or survival. However, dysbiosis was observed between 11 healthy controls and patients, particularly in those 
treated with axi-cel. SMS identified species associated with clinical outcomes. Increased abundance of Alistipes senegalensis 
and Alistipes onderdonkii correlated with lower neurotoxicity and improved survival, respectively. Bifidobacterium longum 
was associated with reduced cytokine release syndrome, whereas Bifidobacterium adolescentis, Bifidobacterium bifidum, and 
Bifidobacterium breve correlated with poorer survival. ML models demonstrated strong predictive performance, with some iden-
tifying non-responders using only six species selected by the Boruta method (Bacteroides xylanisolvens, Bifidobacterium bifidum, 
Bifidobacterium breve, Eubacteriaceae bacterium Marseille-Q4139, Negativibacillus massiliensis, and Sellimonas intestinalis). 
These findings deepen current knowledge and support prospective microbiota-based strategies in CAR-T therapy.

1   |   Introduction

Chimeric antigen receptor T-cell (CAR-T) therapy has im-
proved outcomes in relapsed/refractory (R/R) patients with 

hematological malignancies [1]. Despite promising data, treat-
ment failure represents the primary cause of death within this 
specific patient subset [2]. As living drugs, CAR-T cells are also 
associated with potentially life-threatening immunological 
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toxicities, such as cytokine release syndrome (CRS) and neu-
rotoxicity, commonly known as ICANS (immune effector cell-
associated neurotoxicity syndrome) [3].

In recent years, preclinical and clinical studies have demon-
strated the interplay between the commensal microbiota and the 
mammalian immune system [4], which could influence the ef-
ficacy and toxicity of T cell-driven cancer immunotherapies [5]. 
The most robust evidence has emerged from research in solid tu-
mors, highlighting the association between microbiota diversity 
and response to checkpoint inhibitors (CPI) [6]. However, there 
is insufficient evidence to support the routine use of probiotics 
in patients receiving antitumor treatment, as certain bacterial 
species have also been linked to an increased risk of therapeutic 
failure or toxicity [7].

As an environmental and host factor, the gut microbiome could 
theoretically be modulated (e.g., through probiotics or selec-
tive antibiotic decontamination) to modify the outcomes after 
CAR-T therapy [5, 8–11]. However, there are few clinical studies 
providing the evidence to support microbiota-based interven-
tion strategies [12–20]. Taking this into account, the present 
study aimed to advance understanding of the gut microbiome 
in the context of CAR-T therapy by employing shotgun metage-
nomics sequencing (SMS), which provides significantly greater 
sequencing depth. This enhanced sensitivity enables research-
ers to identify not only bacterial families and genera but also 
individual species with higher precision. Additionally, we in-
tegrated our data with publicly available datasets to train and 
refine microbiome-based machine-learning (ML) models for 
response prediction across different conditions.

2   |   Methods

2.1   |   Study Design

Adult patients with B-cell lymphoma receiving either commer-
cial axicabtagene ciloleucel (axi-cel) or 4-1BB investigational 
product (4IP) were consecutively enrolled at Hospital Clínico 
Universitario de Valencia from March 2023 to June 2024. Two 
fecal samples were prospectively collected: before lymphodeplet-
ing chemotherapy (preLD) and 1 month after CAR-T infusion 
(D30). In January 2024, the protocol was amended to include a 
healthy control from the same family unit, based on the premise 
that under normal conditions the microbiota of cohabiting in-
dividuals exhibits a high degree of similarity [21], which could 
potentially enhance the success of a future intrafamilial fecal 
microbiota transplantation strategy given the suggested benefit 
of a closer donor–recipient microbiota distance in some enterop-
athies [22]. The study was approved by the institutional review 
board of Hospital Clínico Universitario de Valencia (reference 
code 2023/026). Written informed consent was obtained from 
all participants. All procedures in this study were conducted in 
accordance with the declaration of Helsinki.

2.2   |   Healthy Controls

The healthy cohabiting family member voluntarily provided 
one fecal sample while accompanying their sick family member 

during the CAR-T admission period. Their medical history was 
taken, considering gastrointestinal disease history and medica-
tion intake, particularly the use of probiotics, gastric protectants, 
or antibiotics in the last month.

2.3   |   Patient Management

Lymphodepleting chemotherapy consisted of cyclophosphamide 
(500 mg/m2) and fludarabine (30 mg/m2) daily for three con-
secutive days from days −5 to −3. Cytokine-release syndrome 
(CRS) and immune effector cell-associated neurotoxicity syn-
drome (ICANS) were graded according to American Society for 
Transplantation and Cellular Therapy recommendations [23] 
and managed following institutional guidelines [24]. Severe 
forms of CRS or ICANS were defined as grade 3 or higher. All 
patients received prophylaxis with quinolones and fluconazole 
in cases of neutropenia < 500/mm3, or posaconazole in cases of 
corticosteroid or tocilizumab use, following institutional guide-
lines [3]. Broad-spectrum antibiotics, including meropenem, 
cefepime, ceftazidime, and piperacillin-tazobactam, were clas-
sified as “high-risk” antibiotics, as previously described [15].

2.4   |   Definition and Endpoints

Overall response rate (ORR) was determined by the propor-
tion of patients who achieved either partial (PR) or complete 
response (CR) after CAR-T infusion [25]. To train our ML 
models using the German/North American (GNA) dataset, we 
used the same definition of response (CR vs. no-CR at day 180) 
[15]. Progression-free survival (PFS) was defined as the time 
from CAR-T infusion until relapse, progression, or death from 
any cause. Overall survival (OS) was the time from CAR-T in-
fusion until death from any cause. In addition to preinfusion 
variables, the study assessed the impact of D30 alpha diversity, 
CRS, ICANS, and the use of antibiotics, tocilizumab, and cor-
ticosteroids when evaluating response and survival outcomes. 
Similarly, CRS was considered a risk factor for ICANS.

2.5   |   Fecal Sample Collection and Processing

Fecal samples were collected using a DNA stabilization buffer 
kit (Canvax Stool Sample Collection & Stabilization Kit), which 
was stored at −20°C in the Microbiology Department. Fecal mi-
crobiota composition was characterized through whole-genome 
SMS, as previously described [15]. Details of SMS analyses can 
be found in the Supporting Information.

2.6   |   Bioinformatics Analysis

Low-quality reads and host-derived sequences were filtered 
out, and the resulting files were processed using the KneadData 
v0.12 tool (https://​github.​com/​bioba​kery/​knead​data). Then, mi-
crobial communities (including bacteria, archaea, and eukary-
otes) were profiled at the family (n = 223), genus (n = 652), and 
species (n = 1140) levels in each sample using MetaPhlAn 4. The 
microeco R package v1.10.0 was employed for calculating alpha 
and beta diversities. Differences in alpha diversity between 

https://github.com/biobakery/kneaddata
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pre-lymphodepletion and D30 samples were assessed using 
the Wilcoxon signed-rank test for paired data. Comparisons of 
alpha and beta diversity between unpaired controls and either 
pre-lymphodepletion or D30 samples were performed using the 
Wilcoxon rank-sum test. To account for multiple comparisons, p-
values were adjusted using the Benjamini–Hochberg procedure.

2.7   |   Statistical Analysis

Chi-squared test with Yates correction was used for comparison 
of categorical variables, which included ORR, CRS, and ICANS. 
Kaplan–Meier curves were used to estimate survival probability, 
and univariate comparisons were made using the log-rank test. 
Mann–Whitney U tests were conducted to compare the relative 
abundances of taxa at different levels (family, genus, species) 
against key clinical variables. To enhance data visualization, we 
plotted the log2 ratio of the U statistic obtained from the Mann–
Whitney U test. Only taxa with statistically significant differ-
ences were included in the figures. Statistical significance was 
determined by two-sided p-value < 0.05. Multivariate analyses 
were not performed due to the small sample size. Statistical anal-
yses were performed with RStudio version 3.6.0+ (The CRAN 
project), while ML models were conducted using Python version 
3.11.0. Details of machine-learning analysis can be found in the 
Supporting Information (Methods and Table S1).

3   |   Results

3.1   |   Patient and Healthy Control Characteristics

Table  1 summarizes patient baseline characteristics. Briefly, 
18 (60%) were treated with axi-cel, and 12 (40%) received 4IP. 
Although metabolic tumor volume was available for most pa-
tients, other surrogate markers of tumor burden, such as bulky 
disease, EASIX score, LDH, and ferritin levels were also in-
cluded. Patient and disease characteristics were well balanced 
between the axi-cel and 4IP groups, except for the need for bridg-
ing therapy and subsequent disease evaluation prior to CAR-T 
infusion. Further details on infections and antibiotic use prior 
to lymphodepletion are provided in the Supporting Information.

In 11 patients (37%) a sample was obtained from a correspond-
ing healthy cohabiting family member (spouse, n = 10; sister, 
n = 1). The median age of family members was 56 years (range: 
38–75), and 64% were women. None of the family members had 
a history of gastrointestinal disease or recent use of antibiotics, 
probiotics, or gastric protectants.

3.2   |   Gut Microbiome Characteristics

The median number of final reads after trimming and decon-
tamination was 11 794 088 (range: 7 315 628–96 241 730). Of 
these, 78.64% (range: 50.06–90.83) were successfully classified 
taxonomically. The microbiome was analyzed at the family, 
genus, and species levels (Figure 1). PreLD and D30 alpha diver-
sity showed no correlation with baseline patient or disease char-
acteristics. As shown in Figure  2A, alpha diversity decreased 
after CAR-T infusion (p = 0.036). Use of antibiotics, either preLD 

(p = 1) or within 30 days after CAR-T infusion (aminoglycosides, 
p = 0.14; antiGP antibiotics, p = 0.26; “high-risk” antibiotics, 
p = 0.38) had no impact on preLD or D30 alpha diversity, re-
spectively. Median alpha diversity among family members was 
3.6948 (range: 3.1848–4.1213), which was statistically significant 
compared to preLD samples (p = 0.008) (Figure 2B). The com-
position of preLD fecal samples from CAR-T cell recipients dif-
fered significantly from that of healthy volunteers (Figure 2C). 
Dysbiosis further increased by day 30, with a more pronounced 
effect observed in patients treated with axi-cel.

3.3   |   Safety

In total, 22 (73%) and 13 (63%) patients developed CRS and 
ICANS, respectively (Table S2), with grade 3 or higher CRS and 
ICANS occurring in 2 (7%) and 7 (23%) patients, respectively, 
without grade 5 events. Neither preLD alpha diversity nor the 
use of preLD antibiotics showed a correlation with CRS or 
ICANS. Additional clinical information concerning risk factors 
of immunotoxicities is provided in Table S3.

The fold-changes of species that were significantly different 
between CRS and ICANS groups are shown in Table  2 and 
Figure  3A,B. As the 4IP cohort did not develop ICANS, fold 
changes of species significantly associated with CRS, stratified 
by CAR-T product, are presented in Figure  S1. The data con-
cerning the fold-change of families and genera are included in 
Tables  S4 and S5, respectively. Among other findings, we ob-
served that a higher relative abundance of Anaerotruncus co-
lihominis and Bifidobacterium longum was protective against 
CRS, while a higher relative abundance of Alistipes senegalensis 
was associated with a reduced risk of ICANS.

3.4   |   Efficacy

Twenty-seven (90%) patients responded (CR, n = 24 [80%]; PR, 
n = 3 [10%]) at a median of 34 days (range: 26–98) after CAR-T in-
fusion. The CR and PR rates were 72% and 17%, respectively, in 
patients treated with axi-cel, compared to 92% and 0% in those 
with 4IP infusion (p = 0.3). The ORR showed no correlation 
with baseline patient or disease characteristics. Seven patients 
relapsed at a median of 95 days (range: 55–213) after achieving 
a response, including all three patients whose best response 
was PR.

The fold-changes of species that were significantly different 
between response groups (CR vs. no-CR at day 180) are shown 
in Table  2 and Figure  3C,D, with results stratified by CAR-T 
product presented in Figure S2. The data concerning the fold-
change of families and genera are included in Tables S4 and S5, 
respectively.

3.4.1   |   Microbiome-Based Modeling 
of Response Prediction

Twenty-five ML models were trained using GNA and Spanish 
(SPA) datasets. Initially, we trained on the GNA dataset to assess 
whether they could accurately predict CR180. To enable this 
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TABLE 1    |    Patient and CAR-T therapy characteristics.

Characteristicsa Entire Cohort (N = 30)

Differences between CAR-T products

Axi-cel (n = 18) 4IP (n = 12) p

Age in years, median (range) 57 (38–78) 56 (40–78) 61 (38–75) 0.26

70 years old, no. (%) 5 (17) 2 (11) 3 (25) 0.62

Male sex, no. (%) 18 (60) 12 (67) 6 (50) 0.59

Diagnosis, no. (%)

DLBCL 27 (90) 15 (83) 12 (100) 0.33

PMBCL 2 (7) 2 (11) 0

FL 1 (3) 1 (6) 0

Cell of origin, no. (%) [N/A, n = 1]b

GCB 19 (66) 10 (59) 9 (75) 0.22

Non-GCB 9 (31) 7 (41) 2 (17)

Myc rearrangement, no. (%) [N/A, n = 3] 6 (20) 3 (17) 3 (25) 0.47

Primary refractory, no. (%) 13 (43) 8 (44) 5 (42) 1

Previous lines of therapy, median (range) 2 (1–4) 2 (1–4) 2 (1–4) 0.91

Prior autologous HSCT, no. (%) 7 (23) 5 (28) 2 (17) 0.79

Ann Arbor stage preLD, no. (%)c

I–II 5 (17) 2 (11) 3 (25) 0.33

III 6 (20) 3 (17) 3 (25)

IV 14 (47) 8 (44) 6 (50)

IPI score preLD, no. (%)b

0–1 13 (45) 7 (41) 6 (50) 0.49

2 6 (21) 4 (24) 2 (17)

3 4 (14) 1 (6) 3 (25)

4–5 6 (21) 5 (29) 1 (8)

Bulky disease preLD, no. (%) [N/A, n = 1] 3 (10) 3 (17) 0 0.38

ECOG preLD, no. (%) [N/A, n = 1]

0 16 (53) 8 (44) 8 (67) 0.13

1 9 (30) 5 (28) 4 (33)

2 5 (17) 5 (28) 0

Bridge therapy, no. (%) 19 (63) 15 (83) 4 (33) 0.02

Disease evaluation preLD, no. (%) 0.022

Disease progression 17 (57) 11 (61) 6 (50) 0.82

Stable disease 4 (13) 0 4 (33) 0.037

Partial response 4 (13) 2 (11) 2 (17) 1

Complete response 5 (17) 5 (28) 0 0.134

Metabolic tumor volume preLD in mL, median 
(range) [N/A, n = 1]

40 (0–2356) 179 (0–2356) 23.5 (4.1–553) 0.33

HCT-CI score preLD, no. (%)

(Continues)
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analysis, we first identified and selected the species common to 
both the GNA dataset and our own, reducing the number of spe-
cies from 1140 to 920 for model training. However, the results 
were suboptimal, likely due to substantial differences between 
the datasets. The top five models, ranked by the precision of the 
non-response class (negative predictive value), are presented in 
Table S6.

Subsequently, we trained the same ML models exclusively on 
our dataset, which contained 1140 species across 30 patients, 
with both preLD and D30 samples, yielding a total of 60 sam-
ples. The primary challenge was the relatively small sample 
size compared to the GNA dataset. Since our goal was to pre-
dict CR180, both preLD and D30 microbial abundances were 
expected to have a causal relationship with the target vari-
able. To maximize the available data, we incorporated both 
preLD and D30 microbial abundances for model training. 
Additionally, we explored different combinations of microbial 
species to determine an optimal subset for model training, 
aiming to reduce the number of species required for accurate 

prediction. The datasets considered included: (i) whole data-
set (all species); (ii) shared dataset (920 species common to 
both the SPA and GNA datasets); (iii) Mann–Whitney data-
set (46 species identified as statistically significant via the 
Mann–Whitney U test); (iv) Boruta dataset (6 species selected 
using the Boruta feature selection method [Bacteroides xy-
lanisolvens, Bifidobacterium bifidum, Bifidobacterium breve, 
Eubacteriaceae bacterium Marseille Q4139, Negativibacillus 
massiliensis, and Sellimonas intestinalis]). We also performed 
training-test splits to assess generalization performance and 
mitigate overfitting, ensuring that both subsets remained 
statistically representative of the original dataset. Given our 
limited sample size, we experimented with 15% and 25% test 
splits. The predictive performance of different models varied 
according to dataset size and feature selection strategy. The 
top five models for each included dataset, ranked by the preci-
sion of the non-response class (negative predictive value), are 
presented in Table  S7. We additionally evaluated sensitivity, 
specificity, precision (positive predictive value [PPV]), neg-
ative predictive value, and F1-scores for both classes. These 

Characteristicsa Entire Cohort (N = 30)

Differences between CAR-T products

Axi-cel (n = 18) 4IP (n = 12) p

0–2 9 (30) 5 (28) 4 (33) 1

≥ 3 21 (70) 13 (72) 8 (67)

Lymphocytes preLD/mm3, median (range) 775 (250–2910) 775 (370–2160) 770 (250–2910) 1

IgG preLD in mg/dL, median (range) 658 (257–1118) 649 (296–972) 661 (257–1118) 0.88

EASIX score preLD, median (range) 1.54 (0.37–9.22) 1.87 (0.49–9.22) 0.89 (0.37–3.12) 0.53

High HEMATOTOX score preLD, no. (%) 15 (50) 11 (61) 4 (33) 0.26

Ferritin preLD in ng/mL, median (range) 515 (31–35 777) 1030 (31–35 777) 278 (63–773) 0.26

Ferritin preLD > UNL, no. (%) 21 (70) 15 (83) 6 (50) 0.12

LDH preLD in U/L, median (range) 214 (124–1498) 280 (134–1498) 214 (124–373) 0.26

LDH preLD > UNL, no. (%) 15 (50) 11 (61) 4 (33) 0.26

Infections 30 days preLD, no. (%) 4 (13) 3 (17) 1 (8) 0.91

Antibiotics 30 days preLD, no. (%) 5 (17) 4 (22) 1 (8) 0.62

Antibiotics between CAR-T infusion and D30, 
no. (%)

30 (100) 18 (100) 12 (100) 1

“High-risk” 23 (77) 17 (94) 6 (50) 0.017

Anti-GP antibiotics 12 (40) 10 (56) 2 (17) 0.08

Aminoglycosides 13 (43) 10 (56) 3 (25) 0.2

Alpha diversity, median (range)

PreLD 3.259 (1.47–4.06) 3.228 (1.47–3.95) 3.263 (1.94–4.06) 1

At D30 after CAR-T infusion 2.812 (1.47–3.66) 2.8875 (1.47–3.66) 2.645 (1.74–3.61) 1

Abbreviations: 4IP, 4-1BB investigational product; Anti-GP, anti-Gram-positive; Axi-cel, axicabtagene ciloleucel; CAR-T, chimeric antigen receptor T-cell; D30, day 30; 
DLBCL, diffuse large B-cell lymphoma; EASIX, Endothelial Activation and Stress Index; ECOG, Eastern Cooperative Oncology Group; FL, follicular lymphoma; GCB, 
germinal center B-cell like; HCT-CI, hematopoietic cell transplantation-specific comorbidity index; HSCT, hematopoietic stem cell transplantation; IPI, international 
prognostic index; N/A, not available; PMBCL, primary mediastinal large B-cell lymphoma; preLD, pre-lymphodepleting chemotherapy; U/L, units per liter; UNL, 
upper normal limit.
aPercentages may not add up to 100 because of rounding.
bOne patient with follicular lymphoma was excluded from cellular origin and IPI data.
cFive (17%) patients achieved complete response after bridging at the time of lymphodepleting chemotherapy.

TABLE 1    |    (Continued)
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metrics provided insight not only into predictive performance 
but also into the likelihood of false positives, as PPV and F1-
score are closely related to the false discovery rate. This al-
lowed us to quantify the reliability of predictions under class 
imbalance.

3.5   |   Survival

Seventeen (57%) patients remained alive and progression-free 
at a median follow-up of 16 months (range: 10–21) after CAR-T 
infusion. The probability of PFS at 1 year was 56% (95% CI, 
38–74) (Figure S4A). Twenty (67%) patients remained alive at 
a median follow-up of 15 months (range: 9–21) after CAR-T in-
fusion, while three (10%) patients died without R/R disease at 
a median follow-up of 199 days (range: 296–344) after CAR-T 
infusion (infection, n = 2; solid tumor, n = 1). The probability 
of OS at 1 year was 66% (95% CI, 49–83) (Figure S4B). Neither 
preLD/D30 alpha diversity, antibiotic exposure (either preLD 
or within 30 days after CAR-T infusion), nor CAR-T product 
(Figure S4C,D) correlated with PFS or OS. Additional details 
regarding clinical prognostic factors for PFS and OS are pro-
vided in Table S8.

The fold-changes of species that were significantly different be-
tween PFS (alive and disease-free vs. dead or R/R at 12 months) 
and OS groups (alive vs. dead at 12 months) are shown in Table 2 
and Figure 3E–H, with results stratified by CAR-T product pre-
sented in Figure  S3. The data concerning the fold-change of 
families and genera are included in Tables  S4 and S5, respec-
tively. A higher relative abundance of Clostridium sp. AM33-3, 
Coprococcus eutactus, Eubacteriaceae bacterium, Segatella 
copri, Alistipes onderdonkii, and Clostridium sp. AF36-4 was as-
sociated with better PFS. Finally, we calculated PFS curves for 

patients stratified by the median baseline relative abundance of 
species that were statistically significant in the Mann–Whitney 
test (Figure 4).

4   |   Discussion

This study aimed to expand the limited practical knowledge of 
gut microbiota in the context of CAR-T therapy for R/R lym-
phoma. To achieve this, we employed SMS, which, although 
more complex and costly, offers significantly greater sequencing 
depth, enabling species-level resolution. Additionally, we imple-
mented microbiome-based ML models for response prediction, 
leveraging previously published datasets for training.

To date, few studies have analyzed the impact of gut micro-
biota on CAR-T therapy for hematological malignancies. 
In a study by Smith et al., 16S rRNA and SMS profiling was 
conducted in fecal samples from 48 patients (preLD sample, 
n = 26) [13], identifying specific bacterial taxa and metabolic 
pathways associated with clinical outcomes. Hu et  al. em-
ployed 16S rRNA analysis to investigate the gut microbiome 
at the genus level in 81 patients undergoing CAR-T therapy 
for multiple myeloma [14]. Significant temporal differences 
in diversity and abundance were observed between patients 
achieving CR and PR. Additionally, they constructed a correla-
tion network linking gut microbes, serum cytokines, and im-
mune cells. More recently, SMS was performed in 116 patients 
with R/R lymphoma across five centers in Germany and the 
US [15]. Fecal samples were collected at various time points 
ranging from day −62 to day +208. Consistent with previous 
studies, they identified specific bacterial taxa and metabolic 
pathways linked to response and survival. In our study, SMS 
revealed several species with an apparent influence on toxicity 

FIGURE 1    |    Abundance values of the 15 most common taxa in the analyzed samples. (A) Families, (B) genera, and (C) species identified in each 
sample. (D) Heatmap displaying the relative abundances of the top families, (E) genera, and (F) species in each sample (relative abundance is rep-
resented by the color intensity of the cells).
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and survival outcomes. For instance, an increased abundance 
of Alistipes senegalensis and Alistipes onderdonkii correlated 
with lower ICANS incidence and improved PFS, respectively. 
Alistipes species, comprising 13 Gram-negative anaerobic ba-
cilli, have recently been suggested to exert protective effects 
against various conditions, including liver fibrosis, colitis, can-
cer immunotherapy, and cardiovascular disease [31]. Certain 
species within the Bifidobacterium genus, a group of Gram-
positive, anaerobic bacteria from the phylum Actinomycetota, 

also appeared to play a role in CAR-T outcomes. A higher 
abundance of B. longum has been associated with reduced 
CRS, further supporting its beneficial role in the context of im-
munotherapies, as it has previously been linked to response 
and survival in both CAR-T therapy and CPI in melanoma 
[15, 27]. However, increased levels of B. adolescentis, B. bif-
idum, and B. breve correlated with poorer PFS and/or OS. 
These findings contrast with prior data in both CAR-T therapy 
and CPI-treated melanoma patients [13, 27, 28].

FIGURE 2    |    Comparison of microbiota diversity among healthy family control, prelymphodepletion samples, and day 30 post-infusion samples. 
(A) Paired analysis of alpha diversity. (B) Comparison of alpha diversity between controls and patient samples. (C) Beta diversity based on the Bray–
Curtis dissimilarity.
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Interestingly, prior antibiotic exposure showed no impact on 
toxicity, response, or survival in our study, contrasting with 
current data  [13, 15, 18, 20]. This could be attributed to the 
small sample size; however, recent studies suggest that only 
prolonged post-infusion use (> 10 days) of broad-spectrum 
antibiotics may negatively impact survival [32]. In line with 
published data, we observed substantial variability in alpha 
diversity between healthy family controls and patients, with a 
significant reduction in microbial diversity, particularly after 
CAR-T infusion. Notably, we found no correlation between 
alpha diversity and baseline patient or disease characteristics, 

nor with antibiotic use. Moreover, we did not identify signifi-
cant associations between alpha diversity and toxicity or clin-
ical outcomes following CAR-T infusion, echoing the findings 
of previous studies [15, 16], but in contrast with other reports 
in the literature [12–14, 18]. Regarding microbiome composi-
tion, assessed by beta diversity, we found a significant dysbio-
sis between healthy controls and patients, particularly among 
those treated with axi-cel. Multiple factors could contribute to 
this dysbiosis, including the higher proportion of axi-cel pa-
tients requiring bridging therapies or antibiotics, which may 
alter microbiota composition.

FIGURE 3    |    Bar-plot showing the fold-change of species that were significantly different between groups. (A) CRS. (B) ICANS. (C and D) Response 
(CR vs. no-CR at day 180) according to preLD and D30 samples, respectively. (E and F) Progression-free survival (alive and disease-free vs. dead or 
R/R at 12 months) according to preLD and D30 samples, respectively. (G and H) Overall survival (alive vs. dead at 12 months) according to preLD 
and D30 samples, respectively.
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Lastly, we applied ML algorithms for response prediction, with 
a particular focus on identifying non-responders, a subset with 
very poor prognosis in whom early intervention could be cru-
cial to anticipate R/R [33]. Initially, we trained our models on 
the publicly available GNA dataset [15], which yielded subopti-
mal results, likely due to substantial disparities between data-
sets that could lead to differences in microbiota composition 
(e.g., dietary variations or different antibiotic protocols). The 
small sample size of our cohort may also have influenced these 
results [34]. Subsequently, we trained the same ML models ex-
clusively on our dataset. Among the feature selection methods 
we chose was the Boruta method, a widely used approach that 
leverages Random Forest models to rank feature importance 
[35]. We selected only the most relevant variables to improve 

model accuracy, comprising just six species out of 1140 possible 
candidates in our study. If confirmed in a larger patient cohort, 
this approach could improve the logistical and economic fea-
sibility of using fecal sample analysis in the context of CAR-T 
therapy by allowing researchers to focus exclusively on a few 
key species associated with clinical outcomes. Unlike previous 
studies that employed logistic regression or Bayesian logistic re-
gression models trained on microbial data, sex, and age, which 
can provide classification probabilities and perform well if the 
data is sufficiently linearly separable [13, 15], our study trained 
25 models exclusively on microbial data, primarily due to the 
small sample size. Nonetheless, logistic regression, along with 
LinearSVC, also emerged as one of the top-performing classi-
fiers, suggesting that our data is also mostly linearly separable.

FIGURE 3    |     (Continued)
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The results of our study should be interpreted within the con-
text of certain limitations, primarily the small sample size, 
driven in part by limited funding, which precluded multivar-
iate analysis and required us to limit the test set to 15%–25%. 
To mitigate the risk of false discoveries, we prioritized dimen-
sionality reduction, used robust feature selection, and reported 
FDR (false discovery rate)-related performance metrics such as 
PPV and F1-score. While these measures improve internal va-
lidity, independent validation remains essential. Despite these 
constraints, our study expands the limited knowledge of the 
microbiota in the context of CAR-T therapy by employing SMS 
across all samples and applying a broad range of ML models for 
response prediction. Altogether, the data reported herein pro-
vide a basis for prospective microbiota-based intervention strat-
egies [36], as already implemented in other settings, such as 
allogeneic transplantation [37]. Given the complexity of micro-
biota studies and the numerous factors influencing microbial 
composition, international collaboration and publicly available 
datasets are crucial for advancing this field. Considering the 
potential clinical significance of these findings, well-powered, 
prospective studies are warranted to validate our results.
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