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Aim: Missing data cause problems through decreasing sample size and the potential for introducing
bias. We tested four missing data methods on the Sequential Organ Failure Assessment (SOFA) score, an
intensive care research severity adjuster. Methods: Simulation study using 2015–2017 electronic health
record data, where the complete dataset was sampled, missing SOFA score elements imposed and
performance examined of four missing data methods – complete case analysis, median imputation, zero
imputation (recommended by SOFA score creators) and multiple imputation (MI) – on the outcome of in-
hospital mortality. Results: MI performed well, whereas other methods introduced varying amounts of bias
or decreased sample size. Conclusion: We recommend using MI in analyses where SOFA score component
values are missing in administrative data research.
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In both prospective and retrospective outcomes studies, use of a patient severity score – such as the Sequential
Organ Failure Assessment (SOFA) score [1] – is vital for risk adjustment in multivariable models. While caution
has been advised for using these patient severity scores on the individual level for prognosis, they are effective
for severity and case-mix adjustments across larger populations [2]. Therefore, the use of severity score systems is
common in critical care research, but not without imperfections in execution. Severity score systems are typically
composites of multiple component measures; in the case of the SOFA, there are six items that are physiological
indicators of organ failure. Thus, when SOFA scores are derived from electronic health record (EHR) data, it is
common that at least one component measure is missing preventing the accurate calculation of the score [1,3–5].

As part of our research program in critical illness, institutional EHR data were used to evaluate process and
outcome measures among patients treated for ventilator dependent respiratory failure (VDRF) in intensive care units
(ICUs) at a large academic medical center in southeastern USA. SOFA scores were used as a severity adjustment tool,
however significant issues with missing EHR data were identified. The Sepsis-3 consensus paper [6] recommends
assuming no organ derangement, “unless the patient is known to have preexisting (acute or chronic) organ
dysfunction” (p. 805). While the amount of derangement for other organ systems may be known, when one (or
more) SOFA component data points are missing, the Sepsis-3 consensus paper is directing one to impute a SOFA
component score of zero. Although this approach would allow SOFA scores to be calculated for all patients –
increasing statistical power when using SOFA as a severity adjuster – it was hypothesized that this approach might
introduce bias. Therefore, an evaluation of four common statistical methods for addressing missing data (namely,
complete case, median imputation, zero imputation and multiple imputation [MI]) was conducted in order to
inform recommendations for those who may confront similar issues.
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Through application via a simulation study approach, the effects of missing SOFA score components and the
degree to which results were biased was evaluated. The simulation considered two types of missing data mechanisms,
missing at random (MAR) and missing not at random (MNAR), as well as, various percentages of missing data
(10, 20, 30 and 40%). Finally, each simulated dataset was compared with the complete dataset with no missing
data, to identify which method best minimizes bias.

Materials & methods
Study design
This is a retrospective, observational cohort study utilizing de-identified patient data extracted from the clinical
data warehouse of an academic medical center located in the southeastern USA. This study was reviewed by the
Institutional Review Board and designated as non-human subjects research.

VDRF cohort development
Data extracted for this study included all adult patients aged at least 18 years who were admitted to one of five
adult ICUs at an academic medical center in the southeastern USA between 1 January 2015 through 31 October
2017 and were mechanically ventilated for at least 96 h – as indicated by an ICD-9 procedure code of 96.72
or an ICD-10 procedure code of 5A1955Z. For patients with multiple ICU admissions, only the first admission
was included to create a cohort of unique patients. Patients with missing start or end ventilation dates/times were
excluded.

Measures extracted for VDRF cohort
Data for this study included: demographic measures (age, sex, race and primary payer); components of SOFA
score within 24 h of admission to the ICU (PaO2, FiO2, platelets, total bilirubin, mean arterial pressure [MAP],
vasopressors, Glasgow Coma Score [GCS] [7], creatinine and urine output); measures relevant to mechanical
ventilation (height, ventilator settings, performance of spontaneous breathing trials); and other clinical measures
of interest (Richmond Agitation-Sedation Scale (RASS) scores [8,9], Confusion Assessment Method for the ICU
(CAM-ICU) scores [10]). In addition, all diagnosis and procedure codes, discharge disposition, hospital length
of stay and total charges were extracted. The Charlson comorbidity score [11,12] was calculated for each patient
using diagnosis codes. In this study results and findings related to SOFA score calculations and patient in-hospital
mortality are reported.

Outcome measure
The outcome measure utilized in this study is in-hospital mortality which is defined by a discharge disposition of
death.

Simulation method overview
An algorithm depicting the simulation process used in this study is represented in Figure 2 and described herein.
The published reference on conducting simulation studies in medical statistics by Burton et al. served as a guide for
the simulation methods [13]. At the start of the simulation, a dataset with no missing measures was provided that
included all component values of the SOFA score, composite SOFA score, potential covariates and the outcome
of in-hospital mortality. The simulation parameter γ which denotes the percentage of observations within the
dataset that will contain one or more missing SOFA component values varied across four levels, γ = 10, 20, 30 and
40%, as these represent moderate amounts of missing data. From the dataset without missing measures, a simple
random sample of 1000 observations was chosen. Missing data were then generated under the MAR and MNAR
mechanisms by choosing γ percent of the observations to have a missing SOFA score value resulting in four new
datasets with variable proportions of missing data. For the process of selecting which records would be chosen to
have elements of SOFA score deleted, under MAR those who died were more likely to be selected; under MNAR,
records with higher SOFA scores were more likely to be selected. Once records were selected to have SOFA score
elements deleted, missing data patterns were assigned to records based on their observed frequency in the original
dataset, and elements deleted accordingly.

Next, each of the four different statistical methods for addressing missing data were applied to the four derivative
datasets with missing data. Finally, a logistic regression model was developed to predict the outcome of in-hospital
mortality for each of the simulated datasets. A total of 1000 simulation loops were ran.

48 J. Comp. Eff. Res. (2022) 11(1) future science group



SOFA score missing data methods: results from a Monte Carlo simulation Research Article

Patients eligible
n = 3789

Assessed for eligibility
(n = 4384)

Patient admissions to an lCU
1/1/2015 through 10/31/2017

for respiratory failure, aged 18+

Excluded (n = 595)
Only keep 1st lCU admission
Missing start/end ventilation dates

n = 292
n = 303

Able to
calculate

SOFA score?

Yes
n = 1930

Entered simulation study

No
n = 1859

•
•

Figure 1. CONSORT flow diagram illustrating the development of the ventilator-dependent respiratory failure
cohort for this study.
ICU: Intensive care unit; SOFA: Sequential Organ Failure Assessment.

Missing data methods
Four methods for handling missing data were implemented in this simulation study. The first method, complete
case analysis, is the default method of all commercially available statistical software. Using complete case analysis
cases are removed from the regression modeling analysis if one or more SOFA score variables are missing. The second
missing data method, median imputation, imputes the median component value for the SOFA score across the
entire dataset for missing values. The third method, zero imputation, imputes a 0 for missing SOFA score variables
because they are assumed to have no derangement, consistent with the approach recommended in the Sepsis 3
guidelines [6]. The fourth, missing data method, MI, uses multiple imputation by chained equations (MICE),
also known as fully conditional specification using a regression-based approach. An MI approach is available in all
major statistical software packages (i.e., SAS, SPSS, Stata and R). The goal of MI is not to assume data, but rather
to allow all the data that are present to be used in analyses to achieve valid statistic inference, not perfect point
prediction [14]. Essentially, MI assigns plausible values to missing data points based on the data that are available.
Theoretically, MI is superior to median and zero imputation as it improves the accuracy of imputed data and is
superior to complete case analysis since it allows all existing data to be used.

A total of 25 imputations were performed per model, with the point estimates and standard errors combined
using Rubin’s rules [15]. The variables used for MI include age, race, sex, payor group, the six component SOFA
elements, log-transformed ICU length of stay, log-transformed total charges, as well as the outcome of in-hospital
mortality. ICU length of stay and total charges were log transformed to approximately conform to normality.
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Figure 2. Algorithm showing the simulation process used in this study. From the dataset without missing measures,
a simple random sample of 1000 observations were chosen. The simulation parameter, γ (set to 10, 20, 30 and 40%),
denotes the percentage of observations within the dataset that will contain one or more missing Sequential Organ
Failure Assessment component values. Missing data were then generated under the missing at random and missing
not at random mechanisms by choosing γ percent of the observations to have a missing Sequential Organ Failure
Assessment score value resulting in four new datasets with variable proportions of missing data. Next, four statistical
methods for addressing missing data were applied to the four derivative datasets with missing data and a logistic
regression model was developed to predict the outcome of in-hospital mortality. The simulation loops through 1000
times for each value of γ and each missing data mechanism (missing at random and missing not at random).

Statistical analysis
Each of the missing data methods were examined using a consistent multiple logistic regression model which
included the same: covariates: age (in decades), sex, race (Black, White, Other/unknown); exposure variable:
composite SOFA score; and outcome variable: in-hospital mortality. The first model was fit on the fully observed
dataset (i.e., no missing SOFA score variables), then the same model was used in all of the simulations without
subsequent model fitting (no covariates were removed). Statistical significance was determined a priori to be at the
α = 0.05 level.

Two summary statistics were used to assess the impact of each of the missing data approaches on bias. The first
summary statistic is the pooled odds ratios for in-hospital mortality and 95% CIs across the 1000 simulations,
comparing these to the population parameter of the odds ratio (from the complete dataset) for the effect of SOFA
score on in-hospital mortality. These odds ratios were pooled using Rubin’s rules [15], and are presented graphically
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as forest plots. When a missing data method’s 95% confidence interval does not contain the true odds ratio, this is
indicative of a biased estimate of SOFA score’s effect on in-hospital mortality.

The second summary statistic is relative bias. Relative bias is calculated as
∧
βi −β

β
, where

∧
βi represents the parameter

estimate for the SOFA score for each of the (i = 1,. . . ,1000) simulation runs in the logistic regression model, and β

represents the population parameter of the SOFA score from the fully observed dataset. Ideally, this number will be
0% – meaning there is no difference in parameter estimates between the simulated regressions and the regression
performed on the sample that has no missing data. Means and 95% CIs of the relative bias for each missing
data technique at each percentage of missingness were calculated, allowing the observation of the magnitude and
direction of bias that each missing data technique introduces. Relative bias was calculated for each simulation run
and missing data method.

Results
A total of 4,384 adult admissions to an ICU who had VDRF and were intubated for at least 96 h (see Figure 1)
were assessed for eligibility. As mentioned previously, only the first admission to an ICU for each patient (removing
292 admissions) were retained, and those who had missing start/end ventilation times (n = 303) were excluded.
In total, 3789 patients were eligible for inclusion into this study. Next, the ability to calculate a complete SOFA
score using the EHR data was examined. Only 1930 of these patients (50.9%) had all variables present within the
EHR to calculate a complete SOFA score. Among those for whom a SOFA score could not be calculated because of
missing items, the most commonly missing variables were bilirubin (27.5% of records), Glasgow Coma Scale score
(19.9%) and PaO2/FiO2 (5.9%); the cardiovascular SOFA component (mean arterial pressure and vasopressor
usage) was the most infrequently missing (3.0%).

The demographics and characteristics of the VDRF patient cohort used for this simulation study, grouped on
whether or not all the variables were present to calculate a complete SOFA score is presented in Table 1. These two
groups did not differ significantly with respect to age, sex, race, insurance status, Charlson score, length of stay, nor
total charges. However, the in-hospital mortality rate was higher among patients without missing data compared
with those who were missing SOFA component data (36.5 vs 27.3%, p < 0.0001) suggesting the possibility of an
MNAR mechanisms. Groups did differ by in-hospital mortality rate.

Given that a higher SOFA score positively correlates with greater patient acuity within the intensive care setting,
as well as, poor outcomes following the ICU stay, it is probable that the SOFA scores for those patients whose SOFA
scores could not be calculated as a result of one or more missing components would have, on average, lower SOFA
scores than those with complete data. However, this finding is given with caution as other studies have shown a
single mechanism is unlikely to be the sole cause of missingness, and empirical distinction between the two missing
data mechanisms is impossible [16,17].

The pooled odds ratios for in-hospital mortality for a dataset with 40% data MAR is shown in Figure 3. The true
odds ratio (i.e., from the complete data set) for the association of SOFA score and in-hospital mortality was 1.21.
MICE provided a completely unbiased estimate while zero imputation resulted in an odds ratio that was biased
against an association between SOFA score and in-hospital mortality (95% confidence interval did not include true
estimate). Complete case analysis yielded less statistical power as evidenced by widened confidence intervals but
did not introduce significant bias to the association. Median imputation resulted in a trend toward a reduced odds
ratio, however, the 95% confidence interval still contained the true odds ratio. Similar patterns were observed when
the simulations were run on data sets missing 30, 20 and 10% (Supplementary Figure 1A) although, as expected,
bias introduced by zero imputation decreased as the amount of missing data decreased.

Figure 4 demonstrates the pooled odds ratios for in-hospital mortality in datasets where 40% of the data is
MNAR. Once again, MICE provided an unbiased estimate of the true association between SOFA score and in-
hospital mortality. Zero imputation again underestimated the odds ratio; however, in this non-random dataset the
95% confidence interval did contain the true odds ratio. Complete case analysis and median imputation performed
similarly between the MAR and MNAR datasets. Each imputation method performed similarly across datasets
with varying levels of missing data (Supplemental Figure A1).

Discussion
This study sought to examine the effect of different approaches to handling missing SOFA score variables. The
SOFA score is a widely used and important risk adjustment tool in critical care research, and missing data frequently
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Figure 3. Pooled odds ratios for in-hospital mortality and 95% CIs across 1000 simulations for the missing at
random missing data mechanism at 40% missing Sequential Organ Failure Assessment score components.
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Figure 4. Pooled odds ratios and 95% CIs for in-hospital mortality across 1000 simulations for the missing not at
random missing data mechanism at 40% missing Sequential Organ Failure Assessment score variables.
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Table 1. Characteristics of ventilator dependent respiratory failure patient cohort.
SOFA score present? p-value†

Yes (n = 1930) No (n = 1859)

Age (years) 56.6 ± 17.1 55.6 ± 17.7 0.0844

Male 1126 (58.3) 1099 (59.1) 0.6277

Race 0.1631

Black 794 (41.1) 735 (39.5)

White 1042 (54.0) 1051 (56.5)

Other/unknown 94 (4.9) 73 (3.9)

Insurance 0.9739

Commercial 598 (31.0) 577 (31.0)

Medicare/Medicaid 1078 (55.9) 1042 (56.1)

Other/unknown 254 (13.1) 240 (12.9)

Charlson score 3.0 ± 3.0 3.2 ± 2.8 0.0919

Length of stay‡

ICU 10.0 ± 10.7 9.9 ± 11.3 0.8137

Overall 17.1 ± 21.6 17.3 ± 19.4 0.7547

Total charges $198,539 ± 219,757 $200,896 ± 225,994 0.7449

Died 704 (36.5) 507 (27.3) <0.0001

SOFA score 8.8 ± 4.1
8 [6]§

SOFA components¶

CNS 2 [0–4]

Cardiovascular 1 [0–4]

Coagulation 0 [0–4]

Hepatic 0 [0–4]

Renal 1 [0–4]

Respiratory 3 [0–4]

All values are expressed as mean ± S.D., n (%), or as otherwise indicated.
†p-Values were calculated using the Wilcoxon Mann-Whitney U test for continuous measures, and the � 2 or Fisher’s Exact tests for categorical measures (as appropriate). Statistically
significant comparisons at the � = 0.05 level are given in bold.
‡Expressed in days.
§Median (interquartile range).
¶Median (range).
Other/unknown race is comprised of Asian, Hawaiian, Indian/Alaskan and where this value was missing from the original dataset.

leads to incomplete scores in large datasets. Currently, there is no standard methodology for addressing these missing
data, although the recently published Sepsis-3 guidelines have advocated for the use of zero imputation (cite). Our
results suggest that MI by chained equations (MICE) provides superior statistical adjustment for missing SOFA
score data and should be the recommended technique for addressing this critical problem. By comparison, alternate
techniques either introduced bias (zero imputation) or reduced statistical power (complete case analysis) when
calculating the association between SOFA scores and mortality. These errors were less exaggerated with median
imputation. In comparison, two of the alternatives tested herein – median and zero imputation, both deterministic
imputation techniques – yielded tighter confidence intervals than they should due to lack of accounting for the
missing data by invoking a smaller variance. Conversely, MI techniques create multiple datasets which Rubin (1987,
p. 2) described as “representing a distribution of possibilities” [15]. As previously stated, the goal of MI is not to
make up data, but rather to allow all the data that are present to be used in analyses to achieve valid statistical
inference, not perfect point prediction [14].

With the advent and widespread adoption of EHR systems, large, clinical databases amenable to pragmatic
outcomes research are now ubiquitous. However, missing data is an inherent limitation to these “real world”
databases requiring statistical approaches in order to maximize database utility. The goal of MI is not to arbitrarily
assign value to a data point, but rather to allow all the available data to be used for valid inferences of its value. By
comparison, median and zero imputation, both deterministic imputation techniques, yield estimates that are not
always associated with existing data elements and, therefore, may introduce bias. In our analysis, this was particularly
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evident with zero imputation, which resulted in negative bias in nearly all examined scenarios. Likewise, complete
case analysis excludes any subject with a missing data element resulting in unnecessary loss of statistical power.
While these three alternative approaches are simpler and easier to implement in a clinical setting, our data suggest
that MICE should be used to address missing SOFA data in research whenever possible.

Based on our findings and review of the existing literature, we offer three recommendations for performing MI
on missing SOFA scores. First, use as many variables as possible in the MI process, including at least all the variables
you might use in your later analysis [18]. Second, ensure you include all outcomes of analysis – in-hospital mortality
in this study – in the MI model [19,20]. Third, use at least the default number of imputations in your statistical
package – which in the case of SAS is 25, or one imputation for every 1% of missing data [21]. Finally, for additional
best-practice recommendations, we highlight additional helpful references [14,21,22].

Limitations of this study include only using data from one academic medical center in the southeastern United
States, which possibly limits generalizability due to local practice patterns. Similarly, this study included only a
specific clinical cohort – those with VDRF. We had an initial high rate of missingness in our dataset (49.1% of
SOFA scores included one of more missing component values) and it is possible that other studies using EHR data
may encounter less missing data. Finally, our dataset contained a limited SOFA score range (0-22; max 24).

Future research should externally validate the findings of this study using a larger dataset, with ideally a smaller
percent of missing data from which to sample for the Monte Carlo simulations. Additionally, it is important to
test the generalizability of this study’s findings, specifically their geographic and historical transportability [23],
to determine if these findings remain consistent in different populations. Consideration should also be given to
applying this evaluation framework to other ICU severity adjustment tools.

Conclusion
A simulation study was conducted to test several missing data methods at varying amount of missingness, using
two of the most likely missing data mechanisms. The result of this study showed that the Sepsis-3 consensus paper’s
method for handling missing component SOFA score values (imputing a zero; assuming no organ derangement)
yields biased estimates, and is, therefore, not recommended. Conversely, MI worked well – yielding unbiased
estimates of the association between SOFA score and in-hospital mortality even when data were MNAR. This
study suggests that researchers use MI when component SOFA score items are missing.

Summary points

• The Sequential Organ Failure Assessment (SOFA) score is an essential risk adjuster in critical care research.
◦ SOFA score ranges from 0 to 24, and is composed of 6 subscores.
◦ The subscores have a range of 0–4 points being assigned to each of six organ systems: respiratory, hematologic,

hepatic, cardiac, neurologic and renal.
◦ A higher score represents a higher level of dysfunction, and thus greater severity.

• Although the elements which comprise the SOFA score are routinely collected in the intensive care unit, they
often are missing – preventing accurate calculation of the score.

• When data are missing, the Sepsis-3 guidelines suggest assuming no organ derangement – which is to impute a
zero.

• This study tested four common missing data methods for the SOFA score on the outcome of death, finding
multiple imputation to perform quite well in amount of up to 40% missingness.

• The other methods tested introduced varying amounts of bias or decreased the sample size.
• We recommend multiple imputation be part of the a priori-defined statistical analysis plan to handle missing

SOFA score component data.

Supplementary data

To view the supplementary data that accompany this paper please visit the journal website at:
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