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Abstract 

Background: Severe vitamin D deficiency (SVDD) dramatically increases the risks of mortality, infections, and many 
other diseases. Studies have reported higher prevalence of vitamin D deficiency in patients with critical illness than 
general population. This multicenter retrospective cohort study develops and validates a score‑based model for pre‑
dicting SVDD in patients with critical illness.

Methods: A total of 662 patients with critical illness were enrolled between October 2017 and July 2020. SVDD was 
defined as a serum 25(OH)D level of < 12 ng/mL (or 30 nmol/L). The data were divided into a derivation cohort and 
a validation cohort on the basis of date of enrollment. Multivariable logistic regression (MLR) was performed on the 
derivation cohort to generate a predictive model for SVDD. Additionally, a score‑based calculator (the SVDD score) 
was designed on the basis of the MLR model. The model’s performance and calibration were tested using the valida‑
tion cohort.

Results: The prevalence of SVDD was 16.3% and 21.7% in the derivation and validation cohorts, respectively. The MLR 
model consisted of eight predictors that were then included in the SVDD score. The SVDD score had an area under 
the receiver operating characteristic curve of 0.848 [95% confidence interval (CI) 0.781–0.914] and an area under the 
precision recall curve of 0.619 (95% CI 0.577–0.669) in the validation cohort.

Conclusions: This study developed a simple score‑based model for predicting SVDD in patients with critical illness.
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Graphical Abstract

Introduction
Severe vitamin D deficiency (SVDD), defined as a 
25-hydroxy-vitamin D [25(OH)D] concentration below 
12 ng/mL (or 30 nmol/L), is highly prevalent in patients 
admitted to intensive care units (ICUs) and is associated 
with adverse outcomes [1–3]. The prevalence of SVDD in 
ICUs typically ranges from 20 to 70% [4]. In Taiwan, the 
prevalence of vitamin D deficiency [i.e., 25(OH)D level 
below 20 ng/mL or 50 nmol/mL] in the general popula-
tion ranges from 20 to 40% [5–7]; however, there are 
little data about the prevalence of SVDD. Additionally, 
our previous multicenter observational study reported 
a higher prevalence of vitamin D deficiency of 59% and 
a prevalence of SVDD of 18% in critically ill patients in 
Taiwan [8]. The study also revealed strong associations of 
vitamin D deficiency with longer duration of ventilator 
use and greater length of ICU stay [8].

Supplementation of vitamin D in patients with criti-
cal illness has been reported to be safe [9]. Accord-
ing to the 2019 European Society for Clinical Nutrition 
and Metabolism guidelines for clinical nutrition in the 
ICU [10], administering a single high dose of vitamin 
D3 (500,000 UI) in patients with vitamin D deficiency is 
recommended within 1  week of ICU admission. How-
ever, vitamin D testing for every ICU patient is not a rou-
tine practice and may be impractical and too expensive 
in many countries. Therefore, developing a prediction 
model for SVDD to determine which patient would ben-
efit most from vitamin D tests and supplementation is 
essential.

Several models for predicting vitamin D deficiency 
have been created for the general population [11–14] 
but not patients admitted to ICUs. To facilitate decision 
making on vitamin D supplementation in an intensive 
care setting, this multicenter cohort study developed and 

validated a score-based model for predicting SVDD in 
patients with critical illness.

Methods
Study design
This study was based on the data obtained in our pre-
vious multicenter, prospective, observational study [8]. 
It was approved by the Research Ethics Committee of 
National Taiwan University Hospital (approval number: 
202203073RIND) and registered on the ClinicalTrials.
gov protocol registration system (ID: NCT05376774). 
This study was conducted in eight ICUs at four hos-
pitals in northern Taiwan between October 2017 and 
July 2020. We included surgical ICUs (SICUs), medical 
ICUs (MICUs), and mixed ICUs with both postopera-
tive patients and medical cases. To perform tempo-
ral validation, the data were divided into a derivation 
cohort (the first 77% of the data set) and a validation 
cohort (the remaining 23% of the data set) on the basis 
of the date of enrollment. To cover all seasons, the vali-
dation cohort included patients over a year (i.e., August 
2019 to July 2020). The models were developed and val-
idated in accordance with the recommendations estab-
lished in the Transparency Reporting of a multivariable 
prediction model for Individual Prognosis or Diagnosis 
(TRIPOD) initiative [15].

Study sample
The inclusion and exclusion criteria were the same as 
in our previous study [8]. Patients admitted to the ICUs 
were eligible for enrollment. Patients were excluded 
if they were younger than 20  years old; had a body 
mass index lower than 18  kg/m2; had severe anemia 
(i.e., a hemoglobin level less than 7  g/dL); received an 
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additional vitamin D supplement greater than 3,000 IU/
day within 4 weeks of the study; were previously admit-
ted to an ICU within the preceding 3  months; or had 
a diagnosis of hyperparathyroidism, rickets, or liver 
cirrhosis (Child–Pugh C). Because the study was a 
retrospective analysis of deidentified collected data, 
informed consent was not required.

Predictor selection and processing
We selected 15 variables as candidate predictors on the 
basis of our clinical judgment and a literature review 
[11–13]. To facilitate practical application of the mod-
els, we excluded variables that are not routinely recorded 
or tested, such as C-reactive protein and total serum 
calcium levels. Imbalanced categorical predictors with 
percentages smaller than 10% or greater than 90% were 
excluded to prevent overfitting [16]. Ultimately, six cate-
gories of candidate predictors were incorporated into our 
models: general characteristics, comorbidities, indication 
of ICU admission, enrollment season, vital signs, and lab-
oratory findings. All the data were collected upon enroll-
ment. Multiple imputation was conducted using the 
“mice” package to address missing data for the potential 
predictors [17]. Five imputed data sets were created; the 
imputation methods consisted of predictive mean match-
ing for continuous predictors and logistic regression for 
binary predictors. All statistical analyses were performed 
using the five imputed data sets, and the estimates were 
combined in accordance with the guidelines proposed by 
Marshall et al. [18].

Outcome definition
The outcome variable, SVDD, was defined as a serum 
25(OH)D level of < 12 ng/mL (or 30 nmol/L). In our pre-
vious study, blood samples were obtained upon enroll-
ment, and serum 25(OH)D level was measured using the 
commercially available TOTAL Liaison chemilumines-
cence assay (Liaison, Diasorin, Saluggia, Italy) [19].

Statistical analysis
We express categorical variables as percentages and con-
tinuous variables as medians. The Shapiro–Wilk test was 
used to test normality. For comparisons between the der-
ivation and validation cohorts, we performed the Mann–
Whitney test for non-normally distributed continuous 
variables, Student’s t test for normally distributed contin-
uous variables, and the Chi-squared test for categorical 
variables. A P value of < 0.05 was considered statistically 
significant.

We first fit a multivariable logistic regression (MLR) 
model in the derivation cohort. The relationships 
between heart rate, age, and outcome could be nonlin-
ear; this was enabled by the use of restricted cubic splines 

[20]. To construct a simple prediction score (i.e., the 
SVDD score), we included predictors that were signifi-
cantly associated with SVDD in the MLR model [21–23] 
or predictors that strongly influenced the model, that is, 
that had a standardized odds ratio greater than 1.2 or less 
than 0.8. A reduced MLR model was created using these 
included predictors, and SVDD scores were estimated 
using the reduced MLR model.

To convert the SVDD scores into integers, the regres-
sion β coefficients were multiplied by 5 and rounded to 
the nearest integer [22, 23]. We wanted a score of 0 for 
the lowest-risk group. By grouping each continuous 
predictor into convenient intervals, such as intervals of 
10 mmHg for mean blood pressure, an individual’s score 
increased by an integer amount for each risk factor level 
above the lowest-risk category [21]. The total number of 
points was the value of the final SVDD score. Addition-
ally, estimated probabilities of each SVDD score were 
obtained using logistic regression.

The performance of the MLR model and the SVDD 
score were evaluated in both the derivation and valida-
tion cohorts by using metrics that represent discrimina-
tion and calibration. Discrimination was assessed using 
the area under the receiver operating characteristic 
curve (AUROC) and the area under the precision recall 
curve (AUPRC). Calibration was assessed using cali-
bration plots, Brier scores, and Hosmer and Lemeshow 
goodness-of-fit tests. Post hoc recalibrations were per-
formed by adjusting the intercept because the predicted 
probability was underestimated, which resulted from dif-
ferences in the overall incidence of SVDD between the 
derivation and validation cohorts [15, 24].

Patients were divided into three risk groups: very low 
risk, low risk, and medium-to-high  risk groups. The 
groups were based on the estimated probabilities [25]. 
We also developed web and mobile phone applications 
with which clinicians can calculate SVDD scores and 
conveniently interpret the risk stratification. All statisti-
cal analyses were conducted using R (R version 4.1.3; R 
Foundation for Statistical Computing, Vienna, Austria).

Results
Patient enrollment and characteristics
We divided 662 patients from our previous study into a 
derivation cohort with 510 patients (from October 2017 
to July 2019) and a validation cohort with 152 patients 
(from August 2019 to July 2020; Fig. 1). Table 1 shows the 
patient characteristics of both cohorts. The significant 
differences found in the validation cohort compared with 
the derivation cohort were a lower percentage of neu-
rological indication of ICU admission (3.3% vs. 11.3%), 
a lower percentage of enrollment in spring (13.2% vs. 
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28.6%), a higher percentage of enrollment in fall (30.9% 
vs. 20.4%), a lower median total calcium level (2.07 vs. 
2.10  mmol/L), and a higher median C-reactive protein 
level (11.7 vs. 6.7  mg/L). The prevalence of SVDD was 
16.3% and 21.7% in the derivation and validation cohorts 
(P = 0.154), respectively.

MLR analyses and development of prediction models
Additional file  1: Table  S1 summarizes the result of the 
MLR analysis. Restricted cubic splines were applied to 
age and heart rate. The spline variables were prepared 
using four knots set at the 5th, 35th, 65th, and 95th per-
centiles of the variables. Significant contributions were 
made by age, gender, heart rate, sepsis, albumin level, and 
mean arterial pressure. Additionally, postoperation, that 
is entering the ICU after having received surgery, and 
enrollment season greatly influenced the model. These 
eight predictors and their β coefficients in the reduced 
MLR model were then used to determine the SVDD 
scores. Table 2 presents the score chart. The SVDD score 
was defined as the sum of the points from each variable.

Performance analyses
SVDD score had an AUROC of 0.751 [95% confidence 
interval (CI) 0.694–0.809] in the derivation cohort and 
0.848 (95% CI 0.781–0.914) in the validation cohort, 
neither of which were significantly different from the 

AUROC of the MLR models. The AUPRC of SVDD score 
was 0.439 (95% CI 0.381–0.491) in the derivation cohort 
and 0.619 (95% CI 0.577–0.669) in the validation cohort. 
The calibration plots for the MLR model and SVDD score 
presented in Additional file 1: Figs. S1 and S2 indicated 
acceptable calibration in the derivation cohort. However, 
the calibration plots for SVDD score in the validation 
cohort revealed a general trend of underestimation and 
required recalibration with the intercept. We obtained 
the recalibrated intercept of 0.273 (P = 0.203). The per-
formance of the recalibrated model is illustrated in Addi-
tional file 1: Fig. S2.

Application of SVDD score prediction model
Figure  2 shows the SVDD score predictions. The esti-
mated probability of SVDD was calculated as follows:

The recalibrated probability of SVDD was calculated as 
follows:

The recalibrated probability of SVDD was grouped into 
three categories: very low risk (≤ 15%), with an SVDD 
score of 0–22; low risk (15–30%), with an SVDD score of 
23–26; and medium-to-high risk (≥ 30%), with an SVDD 
score of ≥ 27 (Fig. 3). Applying the risk group classifica-
tion to the validation cohort revealed favorable discrimi-
nation and an AUROC of 0.812 (95% CI 0.741–0.883). 
When using a score of 24 as the threshold for predict-
ing SVDD, the sensitivity was 86% (95% CI 70–96%), the 
specificity was 65% (95% CI 55–73%), the positive predic-
tive value was 40% (95% CI 28–41%), and the negative 
predictive value was 94% (95% CI 90–98%). Additional 
file  1: Figs.  S3 and S4 show the web [26] and mobile 
phone applications for the SVDD scores.

Discussion
This multicenter cohort study constructed a score-based 
model for predicting SVDD in patients with critical ill-
ness. Independent predictors of SVDD include age, 
gender, sepsis, postoperation, season, heart rate, mean 
arterial pressure, and albumin level. The SVDD score 
demonstrated favorable performance, with its AUROC 
being 0.848 and exhibited good calibration after recali-
bration. Our model can predict SVDD in patients with 
critical illness by calculating a simple SVDD score and 
can assist with screening high-risk patients who may 
benefit from vitamin D supplementation [27].

1

1+ e−[−6.58+0.21×SVDD score]
.

1

1+ e−[0.273−6.58+0.21×SVDD score]
.

Fig. 1 Scheme of the development and validation of the prediction 
model. Abbreviations: MLR, multivariable logistic regression; SVDD, 
severe vitamin D deficiency
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The SVDD score is an easy-to-use scoring tool and 
is based on information routinely available in ICUs. A 
patient’s risk of SVDD is quantified by simply using an 
SVDD scoring chart (Table  2) and the predicted prob-
ability of each SVDD score (Fig.  2); complex computer 
calculations are not required. We also developed web 
and mobile phone application that had an SVDD score 
calculator; clinicians can use the web or application to 

conveniently assess a patient’s risk of SVDD. Clearly 
defined risk groups were established and demonstrated to 
have favorable discrimination ability. In some countries, 
vitamin D level tests are time-consuming and expensive; 
the proposed SVDD score can facilitate vitamin D sup-
plementation for patients with critical illness and reduce 
the money spent on vitamin D tests. It has wide applica-
bility in general ICU practice. Kheir et al. had proposed 

Table 1 Baseline characteristics and risk factors in derivation and validation cohorts

BMI body mass index, ESRD end stage renal disease, MAP mean arterial pressure, WBC white blood cell, CRP C-reactive protein, SVDD severe vitamin D deficiency

Data are presented as number (%), or median (interquartile range). Statistical methods: aMann–Whitney test; bChi-squared test; cStudent’s t test

Characteristics Missing value, n All patients (n = 662) Derivation cohort 
(n = 510)

Validation cohort 
(n = 152)

P value

General characteristics

 Age (years) 0 (0%) 67 (56–78) 67 (56–78) 68 (56–78) 0.558a

 Men 0 (0%) 405 (61.2%) 319 (62.5%) 86 (56.6%) 0.218b

 BMI (kg/m2) 1 (0.2%) 24 (21–27) 24 (21–27) 24 (21–27) 0.808a

Comorbidities

 ESRD 0 (0%) 37 (5.6%) 27 (5.3%) 10 (6.6%) 0.686b

 Diabetes 0 (0%) 202 (30.5%) 154 (30.2%) 48 (31.6%) 0.822b

 Cerebrovascular disease 0 (0%) 90 (13.6%) 76 (14.9%) 14 (9.2%) 0.096b

 Liver disease 0 (0%) 35 (5.3%) 26 (5.1%) 9 (5.9%) 0.848b

 Metastasis 0 (0%) 48 (7.3%) 34 (6.7%) 11 (9.2%) 0.377b

Indication of ICU admission

 Sepsis 1 (0.2%) 117 (17.7%) 87 (17.1%) 30 (19.7%) 0.523b

 Postoperation 1 (0.2%) 330 (49.8%) 246 (48.2%) 84 (55.3%) 0.153b

 Respiratory 1 (0.2%) 54 (8.2%) 39 (7.6%) 15 (9.9%) 0.478b

 Cardiovascular 1 (0.2%) 33 (5.0%) 28 (5.5%) 5 (3.3%) 0.378b

 Neurological 1 (0.2%) 63 (9.5%) 58 (11.3%) 5 (3.3%) 0.005b

Enrollment season  < 0.001b

 Spring (March to May) 0 (0%) 166 (25.1%) 146 (28.6%) 20 (13.2%)

 Summer (June to August) 0 (0%) 181 (27.3%) 136 (26.7%) 45 (29.6%)

 Fall (September to November) 0 (0%) 151 (22.8%) 104(20.4%) 47 (30.9%)

 Winter (December to February) 0 (0%) 164 (24.8%) 124 (24.3%) 40 (26.3%)

Vital signs

 MAP (mmHg) 0 (0%) 88 (78–97) 88 (79–97) 87 (76–96) 0.305c

 Heart rate (/min) 0 (0%) 88 (76–100) 87 (76–100) 89 (77–101) 0.300a

Laboratory finding

 Lactate (mmol/L) 133 (20.1%) 1.9 (1.2–7.5) 1.9 (1.2–7.6) 1.8 (1.3–6.0) 0.603a

 Albumin (g/dL) 107 (16.2%) 3.1 (2.7–3.5) 3.1 (2.7–3.5) 3.0 (2.7–3.5) 0.242a

 WBC (k/μL) 0 (0%) 10.6 (8.1–14.3) 10.6 (8.1–14.1) 11.1 (8.2–14.7) 0.585a

 Hemoglobin (g/dL) 0 (0%) 10.2 (9.1–11.5) 10.2 (9.1–11.6) 9.9 (8.9–11.2) 0.077a

 Platelet (k/μL) 0 (0%) 178 (122–252) 184 (126–257) 160 (120–227) 0.075a

 Sodium (mmol/L) 0 (0%) 138 (135–141) 138 (135–141) 137 (134–140) 0.081a

 Potassium (mmol/L) 0 (0%) 3.9 (3.5–4.2) 3.9 (3.5–4.2) 3.8 (3.4–4.1) 0.140a

 Total calcium (mmol/L) 94 (14.2%) 2.1 (2.0–2.2) 2.1 (2.0–2.2) 2.1 (2.0–2.2) 0.007a

 Creatinine (mg/dL) 0 (0%) 1.0 (0.7–1.7) 1.0 (0.7–1.7) 0.9 (0.7–1.7) 0.874a

 CRP (mg/L) 276 (41.7%) 6.9 (2.4–16.8) 6.7 (2.1–15.9) 11.7 (3.8–19.4) 0.013a

 Vitamin D (ng/mL) 0 (0%) 18.3 (13.7–23.9) 18.7 (13.9–24.0) 17.5 (12.5–23.6) 0.232a

 SVDD 0 (0%) 116 (17.5%) 83 (16.3%) 33 (21.7%) 0.154b
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a single-center study about a dynamic nomogram pre-
dicting SVDD at ICU admission [28]. In comparison 
with our SVDD score, their model depended on complex 
computer calculation, and the predictors included other 
clinical scores that needs further calculation, such as 
Sequential Organ Failure Assessment score.

Considering the population of patients with critical ill-
ness and the feasibility of use of the prediction model in 
ICUs, we excluded some predictors that are commonly 

included in vitamin D deficiency models, such as suntan 
use, fatty fish consumption, or lifestyle. Body mass index 
was a potential predictor but found to not be signifi-
cantly associated with SVDD. Our results revealed that 
female gender, sepsis, hypoalbuminemia, and high mean 
arterial pressure are significantly associated with SVDD. 
These findings are consistent with those of other stud-
ies [29–32]. Moreover, age and heart rate had nonlinear 
relationships with SVDD in our prediction models. In 
other studies [11–14], age has often been dichotomized 
using variable cutoffs, although the TRIPOD guidelines 
strongly discourage the dichotomization of continuous 
predictors [15]. Further studies are necessary to inves-
tigate the mechanism or possible confounding effects of 
this nonlinear relationship. In our study, postoperation 
was a protective predictor for SVDD. We suggest that 
medical cases have more comorbidities than postopera-
tive patients, and multimorbidity may be a risk factor 
of vitamin D deficiency. Further studies are warranted 
to investigate SVDD in patients admitted to SICU or 
MICU.

The strengths of this study include a multicenter design, 
the use of predictors that can feasibly be determined 
in an ICU setting, and strict adherence to the TRIPOD 
guidelines. The limitations of this study are a small sam-
ple, few events per predictor in the MLR model, missing 
values for some of the laboratory data, and heterogeneity 
of patients from different types of ICUs. Moreover, the 
prediction model lacks external validity, and the model 
may not be applicable in countries at different latitudes 
or in specialized ICUs. Recalibrations may be required 
for new study populations and settings. Future studies 
are warranted to externally validate the SVDD prediction 
model.

Conclusions
Our study establishes an easy-to-use SVDD score for 
predicting SVDD in patients admitted to ICUs. This 
SVDD score is the first vitamin D deficiency prediction 
score that is specialized to patients with critical illness. 
Future studies in different countries and geographic loca-
tions are necessary to externally validate the model.

Abbreviations
SVDD: Severe vitamin D deficiency; MLR: Multivariable logistic regression; 
AUROC: Area under the receiver operating characteristic curve; CI: Confidence 
interval; AUPRC: Area under precision recall curve; ICU: Intensive care unit; 
SICU: Surgical intensive care unit; MICU: Medical intensive care unit; ESPEN: 
European Society for Clinical Nutrition and Metabolism; TRIPOD: Transpar‑
ency Reporting of a multivariable prediction model for Individual Prognosis 
or Diagnosis; BMI: Body mass index; CRP: C‑reactive protein; ESRD: End stage 
renal disease; MAP: Mean arterial pressure; HR: Heart rate; WBC: White blood 
cell; GOF: Goodness‑of‑fit.

Fig. 2 Recalibrated predicted probabilities of SVDD for each SVDD 
score. Abbreviations: SVDD, severe vitamin D deficiency

Fig. 3 Probability of SVDD in accordance with risk groups in the 
validation cohort. Abbreviations: SVDD, severe vitamin D deficiency



Page 8 of 9Kuo et al. Critical Care          (2022) 26:394 

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s13054‑ 022‑ 04274‑9.

Additional file 1. Results of multivariable logistic regression analyses, 
model performance, the score calculator website, and phone application.

Acknowledgements
The authors thank all the ICU staff of the participated hospitals.

Author contributions
YTK, YCY, JHL, and MCS contributed to the concept, design, and methods. LKK, 
CWC, KCY, and YCY contributed to patient enrollment and data collection. YTK, 
YCY, JHL, and MCS contributed to data processing, statistical analysis, figures, 
tables, and interpretation of data. YTK, CHF, and CTC contributed to develop‑
ing web and phone application calculator. YTK, YCY, JHL, and MCS contributed 
to drafting and critical revision of the manuscript. YCY obtained funding. All 
authors read and approved the final manuscript.

Funding
This work was supported, in part, by grant from the National Taiwan University 
Hospital (108‑S4130 and 109‑A150). The funding agencies had no role in 
the design and conduct of the study; collection, management, analysis, and 
interpretation of the data; preparation, review, or approval of the manuscript; 
and decision to submit the manuscript for publication.

Availability of data and materials
The data used during the current study are available from the corresponding 
author on reasonable request after obtaining the agreement of Research Ethic 
Committee of National Taiwan University Hospital. All codes and processes 
used in the current study are available from the corresponding author on 
reasonable request.

Declarations

Ethics approval and consent to participate
The data used in our study were approved by the Research Ethics Committee 
of the National Taiwan University Hospital (number 202203073RIND). Waiver of 
informed consent was granted in the initial ethical approval because the study 
was a retrospective analysis of deidentified collected data of the previous 
study. Besides, informed consent was obtained from all individual participants 
in our previous study.

Consent for publication
Not applicable.

Competing interest
The authors have disclosed that they do not have any potential conflicts of 
interest.

Author details
1 Department of Anesthesiology, National Taiwan University Hospital, No. 7, 
Zhongshan S. Rd., Taipei City 10002, Taiwan. 2 Division of Critical Care Medicine, 
Mackay Memorial Hospital, No. 92, Sec. 2, Zhongshan N. Rd., Taipei City, 
Taiwan. 3 Department of Medicine, Mackay Medical College, No. 46, Sec. 3, 
Zhongzheng Rd., Sanzhi Dist., New Taipei City, Taiwan. 4 Department of Surgical 
Intensive Care Unit, Far Eastern Memorial Hospital, No. 21, Sec. 2, Nanya S. Rd., 
Banciao Dist., New Taipei City, Taiwan. 5 Department of Critical Care Medicine, 
Taipei Medical University Hospital, No. 252, Wuxing St, Taipei City, Taiwan. 
6 Department of Anesthesiology, Fu Jen Catholic University Hospital, No. 69, 
Guizi Road, New Taipei City, Taiwan. 7 Department of Applied Mathematics, 
College of Science and Engineering, National Dong Hwa University, No. 1‑12, 
Sec. 2, University Rd., Hualien County 974, Taiwan. 

Received: 17 October 2022   Accepted: 9 December 2022

References
 1. Aygencel G, Turkoglu M, Tuncel AF, Candır BA, Bildacı YD, Pasaoglu H. Is 

vitamin D insufficiency associated with mortality of critically Ill patients? 
Crit Care Res Pract. 2013;2013:856747.

 2. De Pascale G, Vallecoccia MS, Schiattarella A, Di Gravio V, Cutuli SL, Bello 
G, Montini L, Pennisi MA, Spanu T, Zuppi C, et al. Clinical and microbio‑
logical outcome in septic patients with extremely low 25‑hydroxyvitamin 
D levels at initiation of critical care. Clin Microbiol Infect. 2016;22(5):456.
e457‑456.e413.

 3. Matthews LR, Ahmed Y, Wilson KL, Griggs DD, Danner OK. Worsening 
severity of vitamin D deficiency is associated with increased length of 
stay, surgical intensive care unit cost, and mortality rate in surgical inten‑
sive care unit patients. Am J Surg. 2012;204(1):37–43.

 4. Amrein K, Papinutti A, Mathew E, Vila G, Parekh D. Vitamin D and critical 
illness: what endocrinology can learn from intensive care and vice versa. 
Endocr Connect. 2018;7(12):R304–15.

 5. Chuang S‑C, Chen H‑L, Tseng W‑T, Wu I‑C, Hsu C‑C, Chang H‑Y, Chen Y‑DI, 
Lee MM, Liu K, Hsiung CA. Circulating 25‑hydroxyvitamin D and physical 
performance in older adults: a nationwide study in Taiwan. Am J Clin 
Nutr. 2016;104(5):1334–44.

 6. Lee MJ, Hsu HJ, Wu IW, Sun CY, Ting MK, Lee CC. Vitamin D deficiency in 
northern Taiwan: a community‑based cohort study. BMC Public Health. 
2019;19(1):337.

 7. Chang C‑I, Chan D‑C, Kuo K‑N, Hsiung CA, Chen C‑Y. Vitamin D insuf‑
ficiency and frailty syndrome in older adults living in a Northern Taiwan 
community. Arch Gerontol Geriatr. 2010;50:S17–21.

 8. Chen K‑W, Chen C‑W, Yuan K‑C, Wang IT, Hung F‑M, Wang A‑Y, Wang Y‑C, 
Kuo Y‑T, Lin Y‑C, Shih M‑C, et al. Prevalence of vitamin D deficiency and 
associated factors in critically Ill patients: a multicenter observational 
study. Front Nutr. 2021;8:768804.

 9. Nair P, Venkatesh B, Center JR. Vitamin D deficiency and supplementation 
in critical illness‑the known knowns and known unknowns. Crit Care. 
2018;22(1):276–276.

 10. Singer P, Blaser AR, Berger MM, Alhazzani W, Calder PC, Casaer MP, Hies‑
mayr M, Mayer K, Montejo JC, Pichard C, et al. ESPEN guideline on clinical 
nutrition in the intensive care unit. Clin Nutr. 2019;38(1):48–79.

 11. Kuwabara A, Tsugawa N, Mizuno K, Ogasawara H, Watanabe Y, Tanaka K. 
A simple questionnaire for the prediction of vitamin D deficiency in Japa‑
nese adults (vitamin D Deficiency questionnaire for Japanese: VDDQ‑J). J 
Bone Min Metab. 2019;37(5):854–63.

 12. Merlijn T, Swart KMA, Lips P, Heymans MW, Sohl E, Van Schoor NM, 
Netelenbos CJ, Elders PJM. Prediction of insufficient serum vita‑
min D status in older women: a validated model. Osteoporos Int. 
2018;29(7):1539–47.

 13. Sohl E, Heymans MW, de Jongh RT, den Heijer M, Visser M, Merlijn T, Lips 
P, van Schoor NM. Prediction of vitamin D deficiency by simple patient 
characteristics. Am J Clin Nutr. 2014;99(5):1089–95.

 14. Narang RK, Gamble GG, Khaw KT, Camargo CA Jr, Sluyter JD, Scragg RKR, 
Reid IR. A prediction tool for vitamin D deficiency in New Zealand adults. 
Arch Osteoporos. 2020;15(1):172.

 15. Collins GS, Reitsma JB, Altman DG, Moons KGM. Transparent reporting 
of a multivariable prediction model for individual prognosis or diagnosis 
(TRIPOD): the TRIPOD Statement. BMC Med. 2015;13(1):1.

 16. Sun Y, Wong AKC, Kamel MS. Classification of imbalanced data: a review. 
Int J Pattern Recogn Artif Intell. 2009;23(04):687–719.

 17. van Buuren S, Groothuis‑Oudshoorn G. mice: Multivariate imputation by 
chained equations in R. J Stat Softw. 2011;45(3):1–67.

 18. Marshall A, Altman DG, Holder RL, Royston P. Combining estimates of 
interest in prognostic modelling studies after multiple imputation: cur‑
rent practice and guidelines. BMC Med Res Methodol. 2009;9(1):57.

 19. Remmelts HHF, van de Garde EMW, Meijvis SCA, Peelen ELGCA, Damoi‑
seaux JGMC, Grutters JC, Biesma DH, Bos WJW, Rijkers GT. Addition of vita‑
min D status to prognostic scores improves the prediction of outcome in 
community‑acquired pneumonia. Clin Infect Dis. 2012;55(11):1488–94.

 20. Harrell FE. Regression modeling strategies: with applications to linear 
models, logistic regression and survival analysis. New York: Springer; 2001.

 21. Pocock SJ, McCormack V, Gueyffier F, Boutitie F, Fagard RH, Boissel J‑P. A 
score for predicting risk of death from cardiovascular disease in adults 
with raised blood pressure, based on individual patient data from ran‑
domised controlled trials. BMJ. 2001;323(7304):75.

https://doi.org/10.1186/s13054-022-04274-9
https://doi.org/10.1186/s13054-022-04274-9


Page 9 of 9Kuo et al. Critical Care          (2022) 26:394  

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

 22. Serviá L, Llompart‑Pou JA, Chico‑Fernández M, Montserrat N, Badia M, 
Barea‑Mendoza JA, Ballesteros‑Sanz MÁ, Trujillano J. the Neurointensive 
C, Trauma Working Group of the Spanish Society of Intensive Care M: 
Development of a new score for early mortality prediction in trauma ICU 
patients: RETRASCORE. Crit Care. 2021;25(1):420.

 23. Kuijpers T, van der Windt DAWM, van der Heijden GJMG, Twisk JWR, 
Vergouwe Y, Bouter LM. A prediction rule for shoulder pain related 
sick leave: a prospective cohort study. BMC Musculoskelet Disord. 
2006;7:97–97.

 24. Toll DB, Janssen KJM, Vergouwe Y, Moons KG. Validation, updating 
and impact of clinical prediction rules: a review. J Clin Epidemiol. 
2008;61(11):1085–94.

 25. Manola J, Royston P, Elson P, McCormack JB, Mazumdar M, Négrier 
S, Escudier B, Eisen T, Dutcher J, Atkins M, et al. Prognostic model for 
survival in patients with metastatic renal cell carcinoma: results from 
the International Kidney Cancer Working Group. Clin Cancer Res. 
2011;17(16):5443–50.

 26. The SVDD score. https:// shock. icu/ SVDD. Accessed 20 Sept 2022.
 27. Amrein K, Schnedl C, Holl A, Riedl R, Christopher KB, Pachler C, Urbanic 

Purkart T, Waltensdorfer A, Münch A, Warnkross H, et al. Effect of high‑
dose vitamin D3 on hospital length of stay in critically Ill patients with 
vitamin D deficiency: the VITdAL‑ICU Randomized Clinical Trial. JAMA. 
2014;312(15):1520–30.

 28. Bou Kheir G, Khaldi A, Karam A, Duquenne L, Preiser JC. A dynamic online 
nomogram predicting severe vitamin D deficiency at ICU admission. Clin 
Nutr. 2021;40(10):5383–90.

 29. Amrein K, Scherkl M, Hoffmann M, Neuwersch‑Sommeregger S, 
Köstenberger M, Tmava Berisha A, Martucci G, Pilz S, Malle O. Vitamin D 
deficiency 2.0: an update on the current status worldwide. Eur J Clin Nutr. 
2020;74(11):1498–513.

 30. Watkins RR, Yamshchikov AV, Lemonovich TL, Salata RA. The role of vita‑
min D deficiency in sepsis and potential therapeutic implications. J Infect. 
2011;63(5):321–6.

 31. Lucidarme O, Messai E, Mazzoni T, Arcade M, du Cheyron D. Inci‑
dence and risk factors of vitamin D deficiency in critically ill patients: 
results from a prospective observational study. Intensive Care Med. 
2010;36(9):1609–11.

 32. Kunutsor SK, Apekey TA, Steur M. Vitamin D and risk of future hyper‑
tension: meta‑analysis of 283,537 participants. Eur J Epidemiol. 
2013;28(3):205–21.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.

https://shock.icu/SVDD

	Score-based prediction model for severe vitamin D deficiency in patients with critical illness: development and validation
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Introduction
	Methods
	Study design
	Study sample
	Predictor selection and processing
	Outcome definition
	Statistical analysis

	Results
	Patient enrollment and characteristics
	MLR analyses and development of prediction models
	Performance analyses
	Application of SVDD score prediction model

	Discussion
	Conclusions
	Acknowledgements
	References


