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Abstract

Background Acute kidney injury has been described as a common complication in patients hospitalized

with COVID-19, which may lead to the need for kidney replacement therapy (KRT) in its most severe forms. Our group
developed and validated the MMCD score in Brazilian COVID-19 patients to predict KRT, which showed excellent per-
formance using data from 2020. This study aimed to validate the MMCD score in a large cohort of patients hospital-
ized with COVID-19 in a different pandemic phase and assess its performance to predict in-hospital mortality.

Methods This study is part of the “Brazilian COVID-19 Registry”, a retrospective observational cohort of con-
secutive patients hospitalized for laboratory-confirmed COVID-19 in 25 Brazilian hospitals between March 2021

and August 2022. The primary outcome was KRT during hospitalization and the secondary was in-hospital mortality.
We also searched literature for other prediction models for KRT, to assess the results in our database. Performance
was assessed using area under the receiving operator characteristic curve (AUROC) and the Brier score.
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Results A total of 9422 patients were included, 53.8% were men, with a median age of 59 (IQR 48-70) years old.
The incidence of KRT was 8.8% and in-hospital mortality was 18.1%. The MMCD score had excellent discrimination
and overall performance to predict KRT (AUROC: 0.916 [95% CI 0.909-0.924]; Brier score =0.057). Despite the excel-
lent discrimination and overall performance (AUROC: 0.922 [95% Cl 0.914-0.929]; Brier score=0.100), the calibration
was not satisfactory concerning in-hospital mortality. A random forest model was applied in the database, with infe-
rior performance to predict KRT requirement (AUROC: 0.71 [95% Cl 0.69-0.73]).

Conclusion The MMCD score is not appropriate for in-hospital mortality but demonstrates an excellent predictive
ability to predict KRT in COVID-19 patients. The instrument is low cost, objective, fast and accurate, and can contribute
to supporting clinical decisions in the efficient allocation of assistance resources in patients with COVID-19.

Keywords COVID-19, Acute kidney injury, Kidney replacement therapy, Score predictive, Risk prediction, Mortality

Background

Acute kidney injury (AKI) has been described as a com-
mon complication in patients hospitalized with COVID-
19, which may lead to the need for kidney replacement
therapy (KRT) and mortality in its most severe forms.
An umbrella review and meta-analysis identified an inci-
dence rate of AKI 27.2% (95% confidence interval [CI]:
23.8-30.5%) in patients hospitalized with COVID-19,
with an overall incidence of KRT between 2.2 and 7.7%,
and an odds ratio of 5.24 (95% CI 3.96-6.93) for mortal-
ity among those who developed AKI [1]. The risk of an
unfavorable outcome, such as progression to severe KRT
requirement or death, is greater in vulnerable patients,
such as the elderly and patients with comorbidities, espe-
cially diabetes, chronic kidney disease, and transplant
recipients [2—4].

Predictive scores have been developed to estimate
and risk stratify inpatients with COVID-19. Using a
risk score to predict KRT requirement during hospital
stay may be very helpful to establish kidney protec-
tion measures, determining which patients need more
intensive monitoring of kidney function, and adding
to care planning the multi-professional team [5, 6].
In this context, our group developed and validated
the MMCD score, consisting of four criteria that are
accessible in clinical practice and are quick and easy
to apply: M (male sex), M (mechanical ventilation any-
time during hospital stay), C (creatinine at hospital
presentation), D (diabetes). To the best of our knowl-
edge, it is still the only score to predict KRT among in-
hospital COVID-19 patients published in a scientific
journal [7]. It is also the only score calculator for this
purpose published in the Dynamed medical summary
[8]. The score showed outstanding discrimination and
high overall performance using data from patients
admitted in 2020 [7].

Other scores commonly used in intensive care have
been tested to predict KTR among in-hospital patients,
with poor results. A Brazilian study showed poor

discrimination ability of the Simplified Acute Physiol-
ogy Score 3 (SAPS3) and the Sequential Organ Fail-
ure Assessment (SOFA) to predict acute kidney injury
and KRT requirement, with an area under the receiver
operator characteristic curve (AUROC) of 0.590 (95%
CI 0.507-0.674) and 0.667 (95% CI 0.591-0.743) [9].

Clearly, during the COVID-19 pandemic, there was
a reduction in morbidity and mortality rates related
to improvements in the management, the emergence
of variants, and especially population immunization
[10-12]. However, mortality related to COVID-19 and
disease complications remain high in vulnerable groups
and contrast the general feeling of control of the pan-
demic arising from a milder predominant variant and
advances in the management and immunization of the
population [13]. Thus, a new temporal validation of the
MMCD score is warranted and required [5].

Therefore, this study aimed to perform a new tem-
poral validation of the MMCD score in a large cohort
of COVID-19 patients from a more recent pandemic
phase, as well as to evaluate this score in the prediction
of in-hospital mortality.

Material and methods

The present study is part of the “Brazilian COVID-19
Registry’, a retrospective observational cohort, described
in detail elsewhere [14, 15]. Temporal validation followed
methodological rigor from Transparent Reporting of a
Multivariable Prediction Model for Individual Prediction
or Diagnosis (TRIPOD) and Prediction model Risk of
Bias Assessment Tool (PROBAST) [5, 16].

Study design

The study included consecutive adult patients (>18 years
old), with laboratory-confirmed COVID-19, admitted in
one of the 25 participating hospitals (public, private, and
philanthropic) from 12 cities in the Southeast and South
of the country, from March 2021 to August 2022. Preg-
nant women, patients who were transferred from another
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hospital that was not part of the study or who manifested
COVID-19 while admitted for other conditions, those
undergoing palliative treatment, with a history of prior
KRT or in KRT upon hospital presentation, and those
who were transferred to another hospital that was not
part of the study were excluded from the analysis (Fig. 1).

Data collection

Trained researchers collected patient data from
the medical records using the Research Data Cap-
ture (REDCap®) electronic platform, hosted at the
Telehealth Center of the University Hospital of the
Universidade Federal de Minas Gerais [17, 18]. Soci-
odemographic, clinical, and laboratory data were col-
lected during the hospital stay, particularly on hospital
presentation and admission to the ICU (if required).
In addition, information on medications, interven-
tions, and outcomes was collected from admission to
hospital discharge or death, including the start and
end time of invasive mechanical ventilation (MV) and
KRT. Each patient was represented in the database
by an individual code that considered the hospital of
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admission. In order to ensure data reliability, a detailed
collection manual was prepared, everyone involved
was extensively trained, and a data verification code
was developed using R. In the face of any doubts about
the consistency of the data, the researchers contacted
the center coordinators to confirm or correct the
information.

The predictive MMCD score

The MMCD was developed and validated as a predictive
score for KRT requirement in patients with COVID-19,
based on four simple and objective criteria: the need for
mechanical ventilation anytime during the hospital stay,
male sex, serum creatinine at the hospital admission, and
diabetes [7]. The need for MV anytime during the hos-
pital stay was the variable with the highest score in risk
score (11 points). Serum creatinine levels were catego-
rized according to the SOFA, and higher creatinine lev-
els received higher scores (creatinine between 1.2-2.0—1
point; 2.0 — 3.5—2 points, 3.5—5.0—4 points and >5.0—
10 points). Male sex and the presence of diabetes mel-
litus represented 1 point each. The sum of prediction

2021, March to 2022, August

Consecutive patients hospitalized with COVID-19

n=13542
ﬁxcluded (n=4120)
Pregnant (n=513)
the study (n=1298);
—»

v

Patients included
n=9422

| |

KNO information about KTR outcome (n=33)

~

Transferred from another hospital that was not part of

Age < 18 years (n=225)

Admitted for reasons other than COVID-19 (n=1157);
Previous KRT (n=109)

Palliative treatment (n=573)

KRT on admission (n=30)
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study (n=182) /

l

l

Patients with KRT Patients without KRT
requirement requirement
n= 831 n= 8642

Fig. 1 Flowchart of Brazilian patients included in the study. KRT: kidney replacement therapy
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scores ranges from 0 to 23, with a high score indicating
an increased risk of KRT. According to predicted prob-
abilities, three risk groups were defined: low (score 0-10,
KRT 0.4%), high risk (score 11-14, KRT 32.8%), and very
high risk (score 15— 23, KRT 68.0%) [7].

Comparison with other prediction models

In order to identify other prediction models to pre-
dict KRT, we performed a literature search on Medline,
medRxiv and BioRxiv and SSRN, with no language or
date restrictions, using the search terms “COVID” com-
bined with “renal replacement therapy” The last search
was performed on August 15, 2023.

From the set of identified scores, those with predictors
available within our database and had accessible methods
for calculation were selected.

The search identified two studies [19, 20]. Vaid et al.
(2021) assessed the combined outcome of KRT or death
and used variables that were not available in our database
(red cell distribution width, alkaline phosphatase, and
anion gap), so it was not included in the analyses [19].

Therefore, the study by Franca et al. (2023) was the
only one identified which met our analysis criteria. The
authors developed and validated a predictive model
for KRT in a multicenter cohort of adult patients with
COVID-10, admitted to ICUs in Brazil with ventilatory
support requirement, from February 2020 to May 2022.
Statistical and machine-learning methods were used for
classification. Model comparisons were performed using
AUROC and the Brier score [20].

Outcomes
The primary outcome was the KRT requirement during
hospital stay. The secondary outcome was in-hospital
mortality.

Statistical analysis

In the descriptive analyses, continuous data were pre-
sented by medians and interquartile ranges (IQR), while
categorical data were described as absolute numbers
and proportions. Comparison between patient groups
was performed using Wilcoxon rank sum test for con-
tinuous variables, and Fisher’s exact test for categorical
variables. The significance level was set at a two-tailed
p-value <0.05.

Multiple imputation by chained equations (MICE) was
used to handle missing values. The imputation technique
included all variables with up to 30% missing values. The
results of 10 imputed datasets, each with 10 iterations,
were combined following Rubin’s rules [21]. The KRT
requirement was not used as a predictor in MICE. The
least absolute shrinkage and selection operator (LASSO)
linear regression method was used for continuous
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predictors, LASSO logistic regression for two levels, and
polytomous regression for more than two level categori-
cal variables.

Model’s discrimination was assessed by the AUROC
with 95% confidence intervals (CI). The value usually
ranges from 0.5, meaning the model has no predictive
power, to 1.0, which means the model predicts the classes
perfectly. Thus, the closer to 1, the better the predictive
power of the model, with values between 0.7 and 0.8 con-
sidered acceptable, between 0.8 and 0.9 excellent, and
above 0.9 outstanding [22].

In addition to discrimination, a good predictive model
needs to be properly calibrated, that is, agreement
between observed and predicted events [23, 24]. The plot
with predicted probability against observed probability
described the model’s calibration, testing intercept equals
zero and slope equals one.

Finally, the accuracy of the predictive model was evalu-
ated by the Brier score. The score varies between 0 and
1, with values close to 0 related to the proximity between
predictions and reality, indicating better model perfor-
mance [25].

Statistical analysis was performed with R software
(version 4.0.2), using the gtsummary, mice, pROC, rms,
rmda, and psfmi packages.

Machine Learning analytics

In addition, we replicated the machine learning-based
analysis described by Franca et al. (2023), et al, in our
database using the random forest classifier and the same
variables used by the authors [20]. For this analysis, we
employed the stratified fivefold cross-validation pro-
cess. In this process, the dataset was divided into 5 parts,
maintaining the class proportions, known as “folds” The
process was repeated 5 times. In each iteration, one of the
folds was selected as the test set, while the other 4 folds
were used to compose the training and validation set. The
training was used for model learning, while the validation
was employed for parameter tuning. Finally, the results of
the AUROC and its respective 95% confidence interval
and Brier score were reported on the test set.

For this analysis, we considered all patients included in
the present study and a subgroup analysis of patients who
were admitted to intensive care, as Franca et al. (2023)
[20]. Additionally, we performed the analysis replacing
the variable MV on admission, which is the variable used
by Franca et al. (2023) with MV anytime during hospital
stay, which is the variable included in the MMCD score

[7].

Ethics approval
This study was approved by the Brazilian National
Commission for Research Ethics (Comissdo Nacional
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de Etica em Pesquisa, approval number CAAE
30350820.5.0000.0008) and by the ethics committee
of each individual participant institution. Individual
informed consent term was waived by the Brazilian
National Commission for Research Ethics and the insti-
tutions’ ethics committees due to the pandemic situation
and analysis of deidentified data, based on chart review
only.

Results

A total of 9422 patients were included, 53.8% were men,
with a median age of 59 (IQR 48-70) years old. The
incidence of AKI with KRT requirement was 8.8% and
in-hospital mortality was 18.01%. Table 1 shows demo-
graphic, clinical characteristics, and patient outcomes.
The most prevalent comorbidities were hypertension
(52.0%), diabetes (25.5%), and obesity (18.6%). Overall,
32.2% of the patients required admission to an ICU and
24.0% required invasive MV (Table 1).

Patients with KRT requirement were mostly men and
older, had higher prevalence of hypertension, diabetes
mellitus, obesity, chronic kidney disease, and a history of
previous transplantation when compared to those who
did not require KRT. They also had a higher frequency
of ICU admission, VM requirement, and mortality
(Table 1). Considering the patients who died when com-
pared to those who did not, again the majority were men
and older, with the same profile of comorbidities than the
patients with KRT requirement, adding a higher preva-
lence of cancer. With regards to the outcomes, they had a
higher rate of ICU admission, MV, and KRT requirement
(Table S1).

Clinical symptoms and laboratory features in overall,
patients with KRT requirement or patients who died are
presented in the supplemental material (Table S2-S3).

Model performance

The MMCD score had outstanding discrimination
(AUROC: 0916 [95% CI 0.909-0.924]), overall perfor-
mance (Brier score=0.057 and calibration (slope=0.916,
intercept=-0.005, p-value=0.0001)) (Fig. 2a and b) to pre-
dict KRT. Additionally, the MMCD score showed excellent
discrimination (AUROC: 0.922 [95% CI 0.914-0.929]) and
overall performance (Brier score=0.100), but calibration
(slope=0.886; intercept=1.354; p-value=0.000) was not
satisfactory to predict in-hospital mortality (Fig. 3a and b).

Comparison with other prediction models

When the random forest model by Franca et al. (2023)
was applied to our database, the discrimination was
acceptable (AUROC: 0.71 [95% CI 0.69-0.73]) and Brier
score 0.08 [20]. Considering the subgroup analysis with
only patients admitted to the intensive care unit, the
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model’s predictive performance was weak (AUROC:
0.66 [95% CI 0.64—0.68]) and Brier score 0.19. The most
important predictors in both contexts were creatinine,
urea, and platelets upon hospital presentation or ICU
admission, respectively, and sex. Hypertension, diabetes,
and MV were not among the most important predictors
(Table S4).

Subsequently, in the analysis which replaced the vari-
able MV on admission included in the random forest
model by Franca et al. (2023) by MV anytime during
hospital stay, which is included in the MMCD score, the
random forest model showed outstanding discrimination
(AUROC: 0.92 [0.91-0.93]) and Brier score 0.06 [20].

Discussion

In this study, from a robust cohort of COVID-19
patients from 25 Brazilian hospitals, admitted through
the second and third pandemic waves in Brazil, 8.8%
required KRT and 18.0% died. The MMCD score pre-
sented outstanding discrimination (AUROC: 0.916
[95% CI 0.909-0.924]), and overall performance (Brier
score=0.057) in KRT requirement prediction. With
regards to in-hospital mortality, the score had excellent
discrimination (AUROC: 0.922 [95% CI 0.914-0.920])
and overall performance (Brier score=0.100), but not
satisfactory calibration.

Special attention to kidney outcomes is impor-
tant because, despite vaccination, AKI is still a com-
mon and serious complication, being considered an
independent risk factor for mortality. Many of these
patients require KRT, increasing the resources needed
for care and evolving greater morbidity and mortality.
Measures to prevent the occurrence or progression
to a more severe progression of AKI are fundamental
[26, 27]. Thus, early prognostic assessment and risk
stratification measures that support clinical decisions
in allocating appropriate resources and early interven-
tions to each patient have the potential to enhance per-
sonalized hospital care and to help reduce morbidity
and mortality rates [28]. Among the precocious pre-
ventive measures, care with water balance, glycemic
control, and the indication and monitoring of poten-
tially nephrotoxic medications can be highlighted. In
addition, the application of the MMCD score could
help in the decision to early transfer patients with a
higher probability of unfavorable evolution to refer-
ral centers, if the hospital where the patient is located
does not have a dialysis service [6, 29]. In this context,
closer monitoring is necessary in patients with MMCD
score greater than or equal to 11, especially if greater
than or equal to 14.

To our best knowledge, the MMCD is the only score
designed to predict the risk of KRT in patients with
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Table 1 Demographic, clinical characteristics, and outcomes of the patients hospitalized with COVID-19, considering the need for

kidney replacement therapy, 2021/2022

Variables Overall? (n=9422) KRT? (n=831) No KRT® (n=8591) p-value?
Age (years) 59 (48-70) 64 (56-73) 59 (47-70) <0.001
Male 5100 (53.8%) 522 (62.8%) 4548 (52.9) <0.001
Comorbidities
Hypertension 4928 (52.0%) 532 (64.0%) 4368 (50.8%) <0.001
Coronary artery disease 389 (4.1%) 45 (5.4%) 344 (4.0%) 0.055
Heart failure 449 (4.7%) 39 (4.7%) 408 (4.7%) >0.999
Stroke 251 (2.6%) 15 (1.8%) 235 (2.7%) 0.140
Asthma 541 (5.7%) 40 (4.8%) 494 (5.8%) 0.307
COPD 469 (5.0%) 47 (5.7%) 426 (5.0%) 0361
Diabetes mellitus 2412 (25.5%) 299 (36.0%) 2101 (24.5%) <0.001
Obesity 1768 (18.7%) 207 (24.9%) 1547 (18.0%) <0.001
Cirrhosis 27 (0.3%) 5(0.6%) 22 (0.3%) 0.084
Chronic kidney disease 295 (3.1%) 58 (7.0%) 233 (2.7%) <0.001
HIV infection 65 (0.7%) 8(1.0%) 60 (0.7%) 0.387
Cancer 305 (3.2%) 29 (3.5%) 279 (3.2%) 0.683
Previous transplantation 75 (0.8%) 19 (2.3%) 54 (0.6%) <0.001
Lifestyle habits
llicit drugs 59 (0.6%) 2(0.2%) 56 (0.7%) 0.239
Alcoholism 552 (5.8%) 41 (4.9%) 512 (6.0%) 0.247
Current smoker 399 (4.2%) 35 (4.2%) 363 (4.2%) >0.999
Admission data
Glasgow coma score< 15 452 (4.8%) 39 (4.7%) 408 (4.7%) >0.999
Systolic blood pressure (mmHg) 125 (116-140) 130 (120-140) 124 (116- 140) 0.005
Heart rate (bpm1) 85 (76-95) 88 (80-97) 85 (75-95) <0.001
Respiratory rate (bpm?2) 20 (18-24) 24 (20-28) 20 (18-24)
SpO2/Fi02 350 (290.6-433.3) 339.3(216.3-423.8) 350.0 (293.8,438.1)
Outcomes
Admission to the ICU 3042 (32.1%) 810 (97.5%) 2220 (25.9%) <0.001
Invasive MV 2272 (24.0%) 779 (93.7%) 1482 (17.3%) <0.001
In-hospital mortality 1705 (18.0%) 675 (81.2%) 1031 (12.0%) <0.001

COPD Chronic obstructive pulmonary disease, HIV Human immunodeficiency virus, ICU Intensive care unit, KRT Kidney replacement therapy, MV Mechanical

ventilation
2Values in frequencies (percentage) or medians (interquartile range)
2 Wilcoxon rank sum test; Fisher's exact test

COVID-19 [7]. In this new temporal validation, the
score maintained excellent discrimination and overall
performance. New temporal validations of a score are of
utmost importance to ensure that the score maintains
its discriminatory power in a constantly changing popu-
lation [5]. An example of the importance of temporal
validation of a score was the recent removal of the well-
known Framingham score from the study page [30]. The
Framingham score from 2008 was developed with data
from a large American cohort and aimed to predict car-
diovascular disease in ten years. For many years it was
recognized as a very helpful clinical assessment tool,

but there is doubt about whether it remains valid today,
20 years after the publication of its results [2, 31]. In
this context, validating the predictive score of outcomes
related to COVID-19, in different phases of the pan-
demic, is crucial, due to changes in disease profile and
vaccination rate.

The MMCD score obtained a significantly higher
discrimination capacity than the model by Franca
et al. (2023), using fewer and simpler variables, there-
fore with greater potential for applicability in clinical
practice [7, 20]. The most important predictor in the
MMCD score was MV anytime during hospital stay.
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The relationship between MV and AKI has been widely
recognized in critically ill patients before COVID-19
[32]. The mechanisms involved are complex, multi-
factorial, and there are still some gaps in knowledge.
It is believed that they include hemodynamic factors
related to reduced kidney perfusion secondary to posi-
tive intrathoracic pressure, selective renal vasocon-
striction by sympathetic stimulation, and endothelial
damage resulting from the release of pro-inflamma-
tory mediators by the lungs [32-34]. In patients with
severe COVID-19, it is common to develop acute res-
piratory distress syndrome (ARDS), a condition often
treated with higher positive end-expiratory pressure
(PEEP), which increases intrathoracic pressure and can
result in increased renal venous pressure, reduced kid-
ney perfusion, and glomerular filtration [35]. In addi-
tion, increased intrathoracic pressure can also interfere
with right ventricular function, reducing venous return
and causing secondary kidney congestion [29]. Renal
hemodynamics abnormalities are even more accentu-
ated due to renal vasoconstriction and activation of
the renin-angiotensin system secondary to the increase
in sympathetic tone related to MV [29]. Furthermore,
severe COVID-19-related severe lung injury can lead
to release of cytokines, chemokines, vasoactive agents,
and damage-associated molecular patterns (DAMPs)
into the systemic circulation [35]. Kidney effects
include cell damage, interstitial edema, and micro-
thrombosis that may mediate AKI [35].

The model by Franca et al. (2023) included MV upon
admission among the predictors, unlike the MMCD, which
considered MV anytime during hospital stay [7, 20]. When
we replaced the variable MV on admission by MV any-
time during hospital stay, model discrimination increased
significantly, reaching outstanding results (AUROC: 0.92
[95%CI 0.91-0.93]). This highlights the need of a dynamic
analysis, considering MV anytime during hospital stay.

In the present study, our group tried to validate the
MMCD score for predicting KRT and in-hospital mor-
tality, considering that the use of a single instrument to
predict two severe outcomes would facilitate clinical
applicability, especially in contexts with high demand
and severity of patients, such as an emergency room, or
with limited resources. However, despite the excellent
discrimination and overall performance, the calibra-
tion curve showed that the MMCD score overestimated
mortality. Many validation studies of predictive scores
present performance only with discrimination, especially
AUROC, omitting calibration data [36]. The analysis
carried out demonstrates the importance of a complete
evaluation of a predictive modelfor the correct prediction
and reliability of the clinical application of the score in
clinical practice [37, 38].

Page 9 of 12

Strengths and limitations

The MMCD score is a simple instrument, low cost, uses
objective parameters, obtained routinely by the institu-
tions. The rigorous methodology in the data collection
and auditing generates reliability of the results. Further-
more, the sample with nearly 10,000 patients from hospi-
tals distributed in different Brazilian geographic regions
increases the probability of the generalization of results
to the Brazilian population. Thus, the MMCD has a great
potential to contribute to the assertive management of
care resources and consequently to the reduction of kid-
ney complications and thus reduction of morbidity and
mortality.

Another important point is that the MMCD uses data
from hospital admission and MV anytime during hospi-
tal stay. The use of unique admission data can deviate a
patient’s course from predictions due to post-admission
adverse events. In this sense, the use of the need for MV
makes the predictive model more continuous and the
prediction more appropriate.

Last but not the least, the MMCD validation included
patients from the second and third wave of the COVID-
19 pandemic, phases of the pandemic that are very dif-
ferent from each other and concerning the moment of
derivation and validation of the MMCD score. The sec-
ond wave was predominantly affected by the delta vari-
ant, which had the worst incidence and mortality rates
in Brazil. The omicron variant predominated in the third
wave in which immunization had already been carried
out in the most vulnerable individuals and was pro-
gressing more quickly throughout the entire population
[10-12].

Even with these multiple strengths, the present study
has limitations that should be addressed. The lack of
baseline creatinine previous to COVID-19 and data from
patient diuresis prevented the assessment of AKI [6]. It is
not possible to know whether the increase in serum cre-
atinine on admission is an AKI, a chronic kidney disease
(CKD), or even an acute-on-CKD, but this had no effect
in the predictive model, which showed excellent discrim-
ination and calibration. Despite being important data,
it is common for information on previous creatinine to
be absent in patients admitted to hospitals, making the
application of a risk score capable of predicting KRT
even more important. Another point to be highlighted
is the lack of data regarding the specific indications for
the initiation of KRT. The time and indication for start-
ing KRT were determined by each service based on the
assessment of each patient, which may cause variation
in rates. However, as the KDIGO guidelines are widely
recognized and implemented internationally, the small
variation might have not impacted the results [6, 39].
Furthermore, as recognized for any predictive score, the
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application of the MMCD to other populations requires
news geographic validations in the face of the changes in
the disease profile [5].

Perspectives

In a similar manner that happens with other risk scores,
periodical adjustments should also be considered for the
MMCD score. Considering the practicality and quality of
the MMCD score, performance assessment in other con-
texts, such as sepsis, would be interesting. These topics
may be the next steps of our study.

Conclusion

This study temporally validated the MMCD score, a risk
prediction score for KRT. MMCD score demonstrates an
excellent predictive ability to KRT in COVID-19 patients
hospitalized in 2021/2022. The instrument is low cost,
objective, fast and accurate, and can contribute to sup-
porting clinical decisions in the efficient allocation of
care resources in patients with COVID-19. Regarding in-
hospital mortality, despite the excellent discrimination,
the score overestimates the outcome, therefore, it is not
suitable for the prediction of this outcome.
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