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ABSTRACT

Objectives: The study aim was to assess predictors of negative antibody response (AbR) in solid organ
transplant (SOT) recipients after the first booster of SARS-CoV-2 vaccination.

Methods: Solid organ transplant recipients receiving SARS-CoV-2 vaccination were prospectively
enrolled (March 2021—]January 2022) at six hospitals in Italy and Spain. AbR was assessed at first dose
(to), second dose (t1), 3 + 1 month (tp), and 1 month after third dose (t3). Negative AbR at t3 was defined
as an anti-receptor binding domain titre <45 BAU/mL. Machine learning models were developed to
predict the individual risk of negative (vs. positive) AbR using age, type of transplant, time between
transplant and vaccination, immunosuppressive drugs, type of vaccine, and graft function as covariates,
subsequently assessed using a validation cohort.

Results: Overall, 1615 SOT recipients (1072 [66.3%] males; mean age+standard deviation [SD],
57.85 + 13.77) were enrolled, and 1211 received three vaccination doses. Negative AbR rate decreased
from 93.66% (886/946) to 21.90% (202/923) from tg to t3. Univariate analysis showed that older patients
(mean age, 60.21 + 11.51 vs. 58.11 + 13.08), anti-metabolites (57.9% vs. 35.1%), steroids (52.9% vs. 38.5%),
recent transplantation (<3 years) (17.8% vs. 2.3%), and kidney, heart, or lung compared with liver
transplantation (25%, 31.8%, 30.4% vs. 5.5%) had a higher likelihood of negative AbR. Machine learning
(ML) algorithms showing best prediction performance were logistic regression (precision-recall curve-
PRAUC mean 0.37 [95%CI 0.36—0.39]) and k-Nearest Neighbours (PRAUC 0.36 [0.35—0.37]).

Discussion: Almost a quarter of SOT recipients showed negative AbR after first booster dosage. Unfor-
tunately, clinical information cannot efficiently predict negative AbR even with ML algorithms.
Maddalena Giannella, Clin Microbiol Infect 2023;s:1

© 2023 Published by Elsevier Ltd on behalf of European Society of Clinical Microbiology and Infectious

Diseases.

Introduction

Solid organ transplant (SOT) recipients are at higher risk for a
complicated course of COVID-19 [1,2] and considered a priority
setting for vaccination in several countries [3]. When testing was
performed for research purposes, the immune response to vacci-
nation in SOT recipients, in particular antibody response (AbR), was
lower than that observed in immunocompetent patients [4]. Also
among vaccinated individuals, SOT recipients are likely to have a
higher risk for hospitalization and death compared with immu-
nocompetent individuals [5,6]. Based on this evidence, booster
dosages in SOT recipients have been recommended. However,
studies have shown that although an increase in AbR could be
observed after the third, fourth, or even fifth dosage, a negative or
low-level AbR may still persist in a percentage of patients. ranging
from 10% to 30%, and that the impact of further booster doses after
the first one is limited [7—10].

To increase protection against COVID-19 in this population,
additional strategies have been proposed, such as the modulation of
immunosuppressive therapy near the administration of booster
doses [11], and/or the pre-exposure treatment with monoclonal
antibodies [12]. Although the implementation of these strategies
usually has been subordinated to the assessment of AbR, interna-
tional transplant societies have discouraged the routine use of such
practices (https://tts.org/tid-about/tid-officers-and-council?id=749,
accessed in August 2022). Hesitance to use anti-spike antibody levels
as a marker for either vulnerability to or protection from SARS-CoV-2
infection is due to several reasons, including variability in antibody
assays, lack of an antibody threshold associated with protection in
immunocompromised patients, potential for protective cellular re-
sponses, logistic issues, and costs [13]. However, recent data have
shown that there is a relationship between non-high level AbR and
increased risk of breakthrough infection (BI) after three mRNA SARS-
CoV2 vaccine doses in SOT recipients; as well as that the probability
of reaching immunization is inversely related to that of developing
BI, mainly for some type of grafts as heart transplant recipients [14].

On this background, we deemed that a tool able to predict a
negative AbR after at least a booster dose of mRNA SARS-CoV2

vaccine in SOT recipients could be useful to stratify patients in or-
der to personalize antibody testing in this setting. In this regard,
machine learning (ML) methodology has recently been reported as
a very useful tool to predict AbR after two doses of SARS-CoV2
vaccine in SOT recipients [15]. Thus, we have used ML models,
including traditional logistic regression analysis, to build a predic-
tive binary-response model to identify SOT recipients at higher risk
of a negative AbR after the first booster of SARS-CoV-2 vaccination
(Fig. S1).

Methods
Study design, setting and population

We used the multicentre prospective longitudinal cohort of SOT
recipients within the Horizon 2020 ORCHESTRA project-work
package 4 (https://orchestra-cohort.eu/), which aims to create a new
pan-European cohort to rapidly advance the knowledge on the
COVID-19 infection. The study was approved by the Agenzia Italiana
del Farmaco (AIFA) and the Ethics Committee of Istituto Nazionale
per le Malattie Infettive (INMI) Lazzaro Spallanzani (document n. 359
of Study's Registry 2020/2021) and registered at ClinicalTrials.gov
with the number NCT05222139. Informed consent was obtained
from all the enrolled patients.

The cohort runs at six hospitals (five in Italy — Bologna, Verona,
Padova, Vicenza, and Treviso — and one in Seville, Spain). Partici-
pants were enrolled from 1 March, 2021 to 31 December, 2021 and
followed up until 31 January, 2022. The database was locked on 1
March, 2022 after careful revision for incongruent or missing data.
Data sources were clinical charts and hospital electronic records. All
data were gathered anonymously and managed using the REDCap
electronic data capture tools hosted at the Interuniversity Con-
sortium CINECA (https://redcap-dev.orchestra.cineca.it/) [16]. SOT
recipients undergoing SARS-CoV-2 vaccination during the enrol-
ment period and who accepted to participate into the ORCHESTRA
project were prospectively enrolled. As previously described [17],
patients were assessed for AbR to SARS-CoV-2 vaccination at pre-
defined timepoints: first dose (tp), second dose (t1), 3 + 1 month
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after the first dose (t3), and at 1 month after the third dose (t3). All
patients had a minimum follow-up of one month after the third
dosage.

Variables

The primary endpoint was AbR at t3. The response was stratified
into non-reactive (<5.58 BAU/mL), inconclusive (5.58—<45 BAU/
mL), positive-low (45—<205 BAU/mL), positive-mild (205—<817
BAU/mL), and positive-high (>817 BAU/mL) according to WHO In-
ternational SARS-CoV-2 Antibody Standards criteria. For the pur-
pose of the study, a negative AbR was defined as an anti-receptor
binding domain (RBD) titre <45 BAU/mL (including non-reactive
and inconclusive results).

Exposure variables collected at tp included age, sex, comorbid-
ities other than the cause of transplant according to the Charlson
index, and type and date of transplant. Data on immunosuppressive
regimen, receipt of induction regimen in the past 6 months, and
graft function defined as good, impaired, or failure according to the
judgement of attending physicians were collected at each
timepoint.

Laboratory assays

The Elecsys® Anti-SARS-CoV-2 ECLIA assay and V-PLEX SARS-
CoV-2 Panel 6 Kit (IgG) from Meso Scale Discovery (MSD, MD,
USA) were used to detect AbR according to the manufacturer in-
structions and as previously described [17].

Statistical analysis

The distribution of age is reported by mean and standard de-
viation (SD). Due to the censored structure caused by the detection
thresholds of the serology tests, we refrain from reporting AbR ti-
tres by means (SD) or median and interquartile ranges. Patients
with a previous history of documented SARS-CoV2 infection or
with positive anti-N antibodies before or between doses were
excluded from the analysis. The dataset used in the statistical
analysis consisted of 14 binary covariates encoded with 0 and 1, and
age as the only non-binary variable, reported as integers. These
variables were chosen based on univariate statistical analysis
(p < 0.1) (age, type of transplant, time between transplant and
vaccination, and immunosuppressive drugs), and on clinical rele-
vance (type of vaccine and graft function) (see Table S1). An ordinal
logistic regression analysis was performed to identify risk factors,
utilizing the five ordinal antibody levels (non-reactive, inconclu-
sive, positive-low, positive-mild, and positive-high) as the outcome
variable. The objective of this model was to determine the magni-
tude and direction of the covariates' effect.

The analysis was executed using R version 4.1.3, and the MASS
package was used to train the ordinal logistic regression.

The ML model training and validation methods are described in
Supplementary Text and Tables S1—S3.

Results
Characteristics of study cohort

The study cohort consisted of 1615 SOT recipients of kidney
(n = 886), liver (n = 350), heart (n = 340), and lung (n = 56)
transplants, with 17 patients having multiple organ transplantation
(liver-kidney, n = 10; liver-heart, n = 2; kidney-heart, n = 2;
kidney-lung, n = 2; and lung-heart, n = 1). The type and number of
SOT recipients enrolled by each centre are detailed in Table S4. The
majority of the study population consisted of males (n = 1072), and

the mean (SD) age was 57.85 (13.77) y. Time from transplant to
vaccination onset was less than 1 year, between 1 and 3 years, and
more than 3 years in 6, 47, and 870 individuals, respectively. Graft
failure occurred in 35 patients.

During the study period, 1211 patients received three doses of
SARS-CoV2 vaccine. This was mRNA based in all but 11 patients,
who received a viral vector vaccine either as the first, second, or
third dose (see Table S5). In 318 out of 1211 patients (26.2%), a
change in the types of vaccine received between the initial vacci-
nation schedule (first two dosages) and the booster dosage was
reported. In the majority of cases (n = 301), it consisted of shifting
from BNT162b2 (Pfizer) to mRNA-1273 (Moderna). The mean (SD)
time between the second and the third dose was 190.35 (34.26)
days.

Serological assessment

Overall, 946 participants were assessed for AbR at first dose, 975
at second dose, 1363 at 3 + 1 month after the first dosage, and 923
at one month after the third dosage. The rate of patients with anti-
RBD levels >45 BAU/mL progressively increased from 6.34% (60/
946), 14.05% (137/975), 50.92% (694/1363) to 78.11% (721/923) at
each timepoint. The rate of individuals with a high AbR (>817 BAU/
mL) increased from 1.80% (17/946), 5.95% (58/975), 20.00% (273/
1363), to 63.20% (583/923), whereas the number of negative re-
sponses (<45 BAU/mL) decreased from 93.80% (886/946), 85.90%
(889/975), 49.20% (669/1363), to 21.90% (202/923). For patients
with multiple consecutive assessments, transition of the AbR from
to to t3 is shown in Fig. 1.

Predictors of negative AbR

Univariate analysis showed that kidney, heart, or lung transplant
recipients had a higher likelihood of a negative AbR compared with
liver transplant recipients. Furthermore, older patients, those tak-
ing anti-metabolites and/or steroids, and patients with recent
transplant (<3 years) appeared to have an increased probability of a
negative AbR (Table 1).

The ordinal logistic regression (see Table S6) showed a signifi-
cant negative influence of age (log odds ratio, -0.03) and anti-
metabolites (-1.10) on the AbR. In addition, the analysis showed
that patients with heart (-1.72), kidney (-1.59), or lung (-2.25)
transplants were more likely to have a lower AbR than patients
with a liver transplant. The type of vaccine, the time from trans-
plant to the vaccination, and a graft failure did not seem to influ-
ence AbR after the booster dose. Parameter estimates and 95%
confidence intervals are reported in Fig. 2.

The predictive power of the ML models in the validation cohort
was assessed using the balanced accuracy (BA) (Fig. S2) and the
area under the precision-recall curve (PRAUC) (Fig. S3) as decision
criteria. Further evaluation measures, such as accuracy, sensitivity,
and specificity, are depicted in Figs. S4—S7. The results showed that
relative performance of different models is almost independent of
the AbR threshold. At an AbR level of 45, the top three performers
were logistic regression (LR) (BA, 0.66 [0.65, 0.67]; PRAUC, 0.37
[0.36, 0.39]), k-Nearest Neighbours (KNN) (BA, 0.65 [0.64, 0.66];
PRAUC, 0.36 [0.35, 0.37]), and ordinal logistic regression (OLR) (BA,
0.63 [0.62, 0.64]; PRAUC, 0.34 [0.33, 0.35]). However, when exam-
ining the average specificities (Fig. S4) and sensitivities (Fig. S5) at
this threshold, it was found that LR and the OLR performed well in
predicting SOT recipients with negative AbR (OLR, 0.71 [0.68, 0.73];
LR, 0.70 [0.68, 0.72]), but performed worse in predicting those with
positive AbR (OLR, 0.56 [0.54, 0.58]; LR, 0.62 [0.61, 0.64]). Tree-
based methods, such as the Bagged tree and the Gradient Boost-
ing Machine (GBM), performed well in predicting patients with a
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Fig. 1. Distribution of antibody response.

Antibody response
High

Positive-Mild
Positive-Low
Inconclusive

None
NA

3 months
follow-up

1 month after
3rd dose

Individuals are classified as having a no antibody response if their antibody level is between 0 and 5.58 Bau/ml, Inconclusive if the level is between 5.58 and 45, positive-low the
level is between 45 and 205, positive-mild if the level is between 205 and 817 BAU/ml, and classified as having a high antibody response if their antibody level is above 817 BAU/ml.

Transitions between bars show the transition fractions of individuals across time points.

positive AbR (BT, 0.83 [0.82, 0.84]; GBM, 0.78 [0.77, 0.8]), but poorly
in predicting those with negative AbR (BT, 0.30 [0.28, 0.32]%; GBM,
0.35 [0.33, 0.37]).

The tree-based methods, such as the GBM, appear to have
overfitted the training data, as demonstrated by an average BA of
0.94 [0.94, 0.95] and an average PRAUC of 0.94 [0.93, 0.95] (Figs. S8
and S9). On the other hand, other methods, such as LR, did not
exhibit such overfitting in the training set (BA, 0.70 [0.70, 0.71];
PRAUC, 0.44 [0.44, 0.45]). For the area under the receiver operating
characteristic curve (AUROC) — a metric which we report for
comparison with prior research — we found that the LR model
achieved an average AUROC of 0.72 [0.71—-0.73], the k-nearest
neighbour algorithm had an average AUROC of 0.73 [0.72—0.74], and
the OLR model had an average AUROC of 0.68 [0.67—0.69] (Fig. S6).

Discussion

Our data confirm the persistence of lack of response in almost
one fourth of the patients after booster dose. Using this data, we
aimed to develop a prediction models based on easy-to-obtain
clinical covariates, such as age, type of transplant, time from
transplant to first dosage, types of immunosuppressive drugs, type
of mRNA vaccine received, and graft failure. Unfortunately, the best
ML model we found only reached a moderate prediction accuracy.
This suggests that the clinical covariates provide only limited
information.

Our results are consistent with those obtained by Alejo et al.
[15], who developed and validated a ML model to predict AbR to
two doses of SARS-CoV-2 mRNA vaccines using a nationwide cohort
of 1031 SOT recipients, and an external single-centre cohort of 512
SOT recipients in the United States. The authors used 19 clinical
factors very similar to those used in our models. Indeed, Alejo et al.
found that mycophenolate mofetil use, a shorter time since trans-
plant, and older age were the strongest predictors of a negative
AbR. The performance of the model was good in the training set
(AUROC, 0.79) and moderate in the external test set (AUROC, 0.67).
The main difference between the U.S. cohort and our cohort is the
definition of negative AbR (which is < 0.8 U/mLif assessed by Roche
and <1.1 AU if assessed by EUROIMMUN) used in the U.S. cohort

[15]. Alejo et al. used a GBM to predict antibody responses. We
found that LR analysis was most accurate in predicting a negative
AbR, while tree-based ML models performed worse. A possible
explanation for this is that the tree-based methods might have
overfitted the training data, as indicated by the Figs. S8—S13,
despite being optimized through cross-validation of the hyper-
parameters (Table S1). This overfitting results in poor generaliza-
tion performance when applied to the unseen validation cohort in
contrast to the not overfitting other models.

Our study has limitations. First, due to the censored structure
caused by the detection thresholds of the serology tests, we
refrained from reporting and assessing quantitative antibody levels.
Second, regarding the type of SARS-CoV2 vaccines (BNT162b2,
mRNA-1273, and ChAdOx1), the predictive power of ChAdOx1
could not be assessed due to limited number of subjects exposed.
Third, we did not analyse cellular immune response that is an
essential component in the clinical protection of SOT recipients
from clinically relevant SARS-CoV2 infections. Finally, we devel-
oped the model with AbR assessed one month after the first booster
dosage, while currently most fragile patients should have received
several booster dosages. However, it has been shown that the
impact of further booster dosages on AbR may be limited, with
lower than 50% of seronegative patients achieving a positive AbR or
showing a significant increase in antibody levels [18,19]. Thus, we
deem that our model could be valid also in patients exposed to
more than one booster dosage.

Although booster dosage in SOT recipients is associated with a
progressive increase in AbR, one fourth of this population remains
negative or with suboptimal antibody levels. Unfortunately, clinical
characteristics are of limited values in developing high performing
predictive models of negative AbR.

ORCHESTRA-WP4 study group

Natascia Caroccia, Beatrice Tazza, Cecilia Bonazzetti, Francesca
Fani, Michela Di Chiara, Maria Eugenia Giacomini, Oana Vatamanu,
Zeno Pasquini, Renato Pascale, Matteo Rinaldi, Clara Solera Horna,
Caterina Campoli, Giacomo Fornaro, Fabio Trapani, Luciano Attard,
Antonio Gramegna, Valeria Cesari, Simona Varani, Elena Rosselli
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Table 1
Comparison of patients with positive and negative antibody responses
Total Positive antibody response Negative antibody response p
N =923 (%) N =721 (%) N =202 (%)

Demographic data

Age (mean + SD) (y) 58.57 + 12.78 58.11 + 13.08 60.21 + 11.51 0.027

Age group 0.063
<39y 77 (8.34%) 63 (81.82%) 14 (18.18%)
40-49 y 125 (13.54%) 109 (87.20%) 16 (12.80%)
50-59 y 235 (25.46%) 181 (77.02%) 54 (22.98%)
60—69 y 288 (31.20%) 214 (74.31%) 74 (25.69%)
>70y 198 (21.45%) 154 (77.78%) 44 (22.22%)

Sex 0.140
Male 615 (67.73%) 492 (80.00%) 123 (20.00%)
Female 303 (33.37%) 235 (74.26%) 78 (25.74%)

Comorbidities 0.188
No 134 (14.52%) 111 (82.84%) 23 (17.16%)
Yes 789 (85.48%) 610 (77.31%) 179 (22.69%)

Type of graft®
Kidney 515 (55.26%) 386 (74.95%) 129 (25.05%) 0.011
Heart 176 (18.88%) 120 (68.18%) 56 (31.82%) <0.001
Liver 218 (23.39%) 206 (94.50%) 12 (5.50%) <0.001
Lung 23 (2.47%) 16 (69.57%) 7 (30.43%) 0.4539

Type of vaccine® 0.709
BNT162b2 (Pfizer) 476 (57.91%) 372 (78.15%) 104 (21.85%)
mRNA-1273 (Moderna) 346 (42.09%) 275 (79.48%) 71 (20.52%)

Time from transplant to vaccination 0.091
Less than 1 year 6 (0.65%) 4 (66.67%) 2(33.33%)
1 to 3 years 47 (5.09%) 32 (68.09%) 15 (31.91%)
More than 3 years 870 (94.26%) 685 (78.74%) 185 (21.26%)

Induction regimen in the last 6 months
No 923 (100%) 721 (78.11%) 202 (21.89%)
Any 0 (0%) 0 (0.00%) 0 (0.00%)

Immunosuppressive drugs at the time of vaccination
Calcineurin inhibitors 641 (42.48%) 500 (78.00%) 141 (22.00%) 0.447
Tacrolimus 483 (75.35%) 372 (77.02%) 111 (22.98%) 0.445
Cyclosporine 157 (24.49%) 127 (80.89%) 30 (19.11%) 0.414
Anti-metabolites 377 (25.05%) 260 (69.05%) 117 (30.95%) <0.001
Mycophenolate mofetil 370 (98.14%) 253 (68.38%) 117 (31.54%) <0.001
Azathioprine 7 (1.86%) 7 (100.00%) 0(0.00%) 0.343
mTOR 105 (6.96%) 88 (83.81%) 17 (16.19%) 0.594
Everolimus 89 (84.76%) 72 (80.90%) 17 (19.10%) 0.594
Sirolimus 16 (15.24%) 16 (100.00%) 0 (0.00%) 0.067
Steroids 385 (25.51%) 278 (72.21%) 107 (27.79%) <0.001

Impaired graft function 0.354
Good 888 (96.21%) 696 (78.38%) 192 (21.62%)

Impaired or Failure 35 (3.79%)

25 (71.43%) 10 (28.57%)

2 Multiple grafts are possible.
b Only third-dose vaccines.
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Fig. 2. Parameter estimates ordinal logistic regression.

Results of the ordinal logistic regression model using the depicted covariates and the 5 categories “None”, “Inconclusive”, “Positive-low”, “Positive-mild”, and “High” with None
being encoded as the state with the lowest antibody response and High being the state with the highest antibody response. Hence, negative coefficients indicate a more negative
antibody response. Confidence intervals are at the 95% level. The coefficients can be interpreted as an increase in the log odds ratio, if the respective control variable increases by
one. There are only four out of the six centers included in the graph since one center had only observations with missing data at the 3rd vaccination and one center has no
parameter since it is the reference group. The confidence intervals for age are due to their size not properly depicted in the graph. However, its 95% confidence interval does not
cover zero. Exact values and p-values are given in Supplemental Table 6. The transplant results are in comparison to liver transplants, the timing of vaccination in comparison to less
than one year and the Pfizer vaccine parameters in comparison to Moderna.

Enrico Gringeri, Patrizia Boccagni, Francesco Enrico D'amico, Financial support
Riccardo Boetto, and Lara Borsetto. Department of Surgery,
Oncology and Gastroenterology, Hepatobiliary Surgery and Liver This work was supported by the European Union's Horizon 2020
Transplantation Unit, Padua University Hospital, Padua, Italy. Research and Innovation Program, grant agreement 101016167,

Erica Nuzzolese, Marianna Di Bello, and Caterina Di Bella. Kidney within the ORCHESTRA project (EU H2020 ORCHESTRA).
and Pancreas Transplantation Unit, Department of Surgical, Onco-

logical and Gastroenterological Sciences, University of Padua, Author contributions
Padua, Italy.

Paola Gaio. Unit of Paediatric Gastroenterology, Digestive The authors confirm contribution to the paper as follows: study
Endoscopy, Hepatology and Care of the Child with Liver Trans-  conception and design: Giannella M, Tacconelli E, Huth M, Hase-
plantation, Department of Women's and Children’s Health, Uni- nauer J; clinical data collection: Marconi L, Palacios-Baena ZR,
versity Hospital of Padua, Padua, Italy. Morelli MC, Tamé M, Busutti M, Potena L, Salvaterra E, Feltrin G,

Luigi Garufi and Chiara Tessari, Saimalmran. Cardiac Surgery Gerosa G, Furian L, Burra P, Piano S, Cillo U, Cananzi M, Loy M, Zaza
Unit, Department of Cardiac, Thoracic, Vascular Sciences and Public G, Onorati F, Carraro A, Righi E, Gastaldon F, Nordio M; immuno-

Health, University of Padua, Padua, Italy. logical analysis and interpretation of results: Konnova A, Gupta A,
Debora Bizzarro and Francesco Paolo Russo. Unit of Gastroen- Hotterbeekx A, Berkell M, Lazzarotto T, Kumar-Singh S; statistical
terology and Multivisceral Transplant, Department of Surgery,  apalysis and interpretation of results: Huth M, Hasenauer J, Gian-
Oncology and Gastroenterology, University Hospital of Padua, nella M, Tacconelli E; draft manuscript preparation: Giannella M,
Padua, Italy. Tacconelli E, Huth M, Hasenauer J; draft manuscript revision: Righi
Lorena Brunello, Marta Tenan, and Monica Rizzolo. Nephrology E, Rodriguez Bano ], Viale P. All authors reviewed the results and
Unit, Treviso Hospital, Treviso, Italy. approved the final version of the manuscript.

Carlotta Caprara, Grazia Maria Virzi, and Matteo Marcello.
Department of Nephrology, Dialysis and Transplantation, San Bor-

tolo Hospital, Vicenza, Italy. Appendix B. Supplementary data

Supplementary data to this article can be found online at

https://doi. 10.1016/j.cmi.2023.04.027.
Transparency declaration ps://doi.org] fJ.cmi

Salvatore Piano reports consulting fees from Plasma Protein ~ References

Therapeutlcs Association (PPTA) and Resolution Therapeutlcs and [1] Gatti M, Rinaldi M, Bussini L, Bonazzetti C, Pascale R, Pasquini Z, et al. Clinical

participation in Advisory board for Mallinckrodt Inc. Pierluigi Viale outcome in solid organ transplant recipients affected by COVID-19 compared
reports consulting fees from bioMérieux, Mundipharma, AstraZe- to general population: a systematic review and meta-analysis. Clin Microbiol
neca, Tillots Pharma, Gilead, Shionogi, Sobi, Advanzpharma, MSD, Infect 2022;28:1957765. https_://doi.org/]0.1015/j.c11?i.2022.02.039. )

.. . . [2] Bartelt L, van Duin D. An overview of COVID-19 in solid organ transplantation.
{\“gehm and Pfizer. All other authors report no potential conflicts of Clin Microbiol Infect 2022:28:779—84. https://doi.org/10.1016/j.cmi.2022.02.
Interest. 005.

Please cite this article as: Giannella M et al., Using machine learning to predict antibody response to SARS-CoV-2 vaccination in solid organ
transplant recipients: the multicentre ORCHESTRA cohort, Clinical Microbiology and Infection, https://doi.org/10.1016/j.cmi.2023.04.027



https://doi.org/10.1016/j.cmi.2023.04.027
https://doi.org/10.1016/j.cmi.2022.02.039
https://doi.org/10.1016/j.cmi.2022.02.005
https://doi.org/10.1016/j.cmi.2022.02.005

(31

[4

(5

(6

(7

8

[9

(10]

(11]

M. Giannella et al. / Clinical Microbiology and Infection xxx (xXxX) XXX 7

Giannella M, Pierrotti LC, Helantera I, Manuel O. SARS-CoV-2 vaccination in
solid-organ transplant recipients: what the clinician needs to know. Transpl
Int 2021;34:1776—88. https://doi.org/10.1111/tri.14029.

Lee ARYB, Wong SY, Chai LYA, Lee SC, Lee MX, Muthiah MD, et al. Efficacy of
covid-19 vaccines in immunocompromised patients: systematic review and
meta-analysis. BM] 2022;376:e068632. https://doi.org/10.1136/bmj-2021-
068632.

Kwon JH, Tenforde MW, Gaglani M, Talbot HK, Ginde AA, McNeal T, et al.
mRNA vaccine effectiveness against coronavirus disease 2019 hospitalization
among solid organ transplant recipients. ] Infect Dis 2022;226(5):797—807.
https://doi.org/10.1093/infdis/jiac118.

Hippisley-Cox ], Coupland CA, Mehta N, Keogh RH, Diaz-Ordaz K, Khunti K,
et al. Risk prediction of COVID-19 related death and hospital admission in
adults after COVID-19 vaccination: national prospective cohort study. BM]
2021;374:n2244. https://doi.org/10.1136/bmj.n2244.

Karaba AH, Zhu X, Liang T, Wang KH, Rittenhouse AG, Akinde O, et al. A third
dose of SARS-CoV-2 vaccine increases neutralizing antibodies against variants
of concern in solid organ transplant recipients. Am ] Transplant 2022;22:
1253—-60. https://doi.org/10.1111/ajt.16933.

Karaba AH, Johnston TS, Aytenfisu TY, Akinde O, Eby Y, Ruff JE, et al. A fourth
dose of COVID-19 vaccine does not induce neutralization of the omicron
variant among solid organ transplant recipients with suboptimal vaccine
response. Transplantation 2022;106:1440—4. https://doi.org/10.1097/
TP.0000000000004140.

Mitchell J, Alejo JL, Chiang TPY, Kim J, Chang A, Abedon AT, et al. Antibody
response to a fourth dose of SARS-CoV-2 vaccine in solid organ transplant
recipients: an update. Transplantation 2022;106:e338—40. https://doi.org/
10.1097/TP.0000000000004137.

Abedon AT, Teles MS, Alejo JL, Kim JD, Mitchell ], Chiang TPY, et al. Improved
antibody response after a fifth dose of a SARS-CoV-2 vaccine in solid organ
transplant recipients: a case series. Transplantation 2022;106:e262—3.
https://doi.org/10.1097/TP.0000000000004092.

Yahav D, Rozen-Zvi B, Mashraki T, Atamna A, Ben-Zvi H, Bar-Haim E, et al.
Immunosuppression reduction when administering a booster dose of the
BNT162b2 mRNA SARS-CoV-2 vaccine in kidney transplant recipients without

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

adequate humoral response following two vaccine doses: protocol for a
randomised controlled trial (BECAME study). BMJ Open 2021;11:e055611.
https://doi.org/10.1136/bmjopen-2021-055611.

Dhand A, Razonable RR. COVID-19 and solid organ transplantation: role of
anti-SARS-CoV-2 monoclonal antibodies. Curr Transplant Rep 2022;9:26—34.
https://doi.org/10.1007/s40472-022-00357-2.

Werbel WA, Segev DL. SARS-CoV-2 antibody testing for transplant recipients:
a tool to personalize protection versus COVID-19. Am ] Transplant 2022;22:
1316—20. https://doi.org/10.1111/ajt.16993.

Bonazzetti C, Tazza B, Gibertoni D, Pasquini Z, Caroccia N, Fani F, et al. Rela-
tionship between immune response to SARS-CoV2 vaccines and development
of breakthrough infection in solid organ transplant recipients: the CONTRAST
cohort. Clin Infect Dis 2023:ciad016. https://doi.org/10.1093/cid/ciad016.
Alejo JL, Mitchell J, Chiang TP, Chang A, Abedon AT, Werbel WA, et al. Pre-
dicting a positive antibody response after 2 SARS-CoV-2 mRNA vaccines in
transplant recipients: a machine learning approach with external validation.
Transplantation 2022;106(10):e452—60. https://doi.org/10.1097/TP.0000000
000004259.

Harris PA, Taylor R, Minor BL, Elliott V, Fernandez M, O’'Neal L, et al. The
REDCap consortium: building an international community of software plat-
form partners. ] Biomed Inform 2019;95:103208. https://doi.org/10.1016/
j.jbi.2019.103208.

Giannella M, Righi E, Pascale R, Rinaldi M, Caroccia N, Gamberini C, et al.
Evaluation of the kinetics of antibody response to COVID-19 vaccine in solid
organ transplant recipients: the prospective multicenter ORCHESTRA cohort.
Microorganisms  2022;10:1021.  https://doi.org/10.3390/microorganisms
10051021.

Kamar N, Abravanel F, Marion O, Romieu-Mourez R, Couat C, Del Bello A, et al.
Assessment of 4 doses of SARS-CoV-2 messenger RNA—based vaccine in re-
cipients of a solid organ transplant. JAMA Netw Open 2021;4:e2136030.
https://doi.org/10.1001/jamanetworkopen.2021.36030.

Caillard S, Thaunat O, Benotmane I, Masset C, Blancho G. Antibody response to
a fourth messenger RNA COVID-19 vaccine Dose in kidney transplant re-
cipients: a case series. Ann Intern Med 2022;175:455—6. https://doi.org/
10.7326/L21-0598.

Please cite this article as: Giannella M et al., Using machine learning to predict antibody response to SARS-CoV-2 vaccination in solid organ
transplant recipients: the multicentre ORCHESTRA cohort, Clinical Microbiology and Infection, https://doi.org/10.1016/j.cmi.2023.04.027



https://doi.org/10.1111/tri.14029
https://doi.org/10.1136/bmj-2021-068632
https://doi.org/10.1136/bmj-2021-068632
https://doi.org/10.1093/infdis/jiac118
https://doi.org/10.1136/bmj.n2244
https://doi.org/10.1111/ajt.16933
https://doi.org/10.1097/TP.0000000000004140
https://doi.org/10.1097/TP.0000000000004140
https://doi.org/10.1097/TP.0000000000004137
https://doi.org/10.1097/TP.0000000000004137
https://doi.org/10.1097/TP.0000000000004092
https://doi.org/10.1136/bmjopen-2021-055611
https://doi.org/10.1007/s40472-022-00357-2
https://doi.org/10.1111/ajt.16993
https://doi.org/10.1093/cid/ciad016
https://doi.org/10.1097/TP.0000000000004259
https://doi.org/10.1097/TP.0000000000004259
https://doi.org/10.1016/j.jbi.2019.103208
https://doi.org/10.1016/j.jbi.2019.103208
https://doi.org/10.3390/microorganisms10051021
https://doi.org/10.3390/microorganisms10051021
https://doi.org/10.1001/jamanetworkopen.2021.36030
https://doi.org/10.7326/L21-0598
https://doi.org/10.7326/L21-0598

	Using machine learning to predict antibody response to SARS-CoV-2 vaccination in solid organ transplant recipients: the mul ...
	Introduction
	Methods
	Study design, setting and population
	Variables
	Laboratory assays
	Statistical analysis

	Results
	Characteristics of study cohort
	Serological assessment
	Predictors of negative AbR

	Discussion
	ORCHESTRA-WP4 study group
	Transparency declaration
	Financial support
	Author contributions
	Appendix B. Supplementary data
	References


