PREDICTIVE MODELING REPORT

Prediction of Inhospital Mortality in Critically
lll Patients With Sepsis: Confirmation of the
Added Value of 24-Hour Lactate to Acute
Physiology and Chronic Health Evaluation IV

BACKGROUND: We previously reported the added value of 24-hour lactate
concentration alone and in combination with 24-hour lactate clearance and lac-
tate concentration at admission for the prediction of inhospital mortality in criti-
cally ill patients with sepsis. We aimed to validate this finding.

DERIVATION COHORT: The derivation cohort from Leiden, The Netherlands,
consisted of 451 critically ill patients with sepsis.

VALIDATION COHORT: The validation cohort consisted of 4,440 critically ill
adult patients with sepsis from the Medical Information Mart for Intensive Care
cohort admitted to the ICU of Beth Israel Deaconness Medical Center, Boston,
MA, between January 2006 and 2018.

PREDICTION MODEL: Predictors of mortality were: age, chronic comorbidi-
ties, length of stay pre-ICU, Glasgow Coma Scale, and Acute Physiology Score.
Lactate concentration at 24-hour alone, in combination with 24-hour lactate clear-
ance and in combination with lactate concentration at admission, was added to
assess improvement of the prediction model. The outcome was inhospital mortality.

RESULTS: Inhospital mortality occurred in 160 patients (36%) in the derivation
cohort and in 2,347 patients (53%) in the validation cohort. The Acute Physiology
and Chronic Health Evaluation (APACHE) IV model had a moderate discrimina-
tive performance (recalibrated C-statistic, 0.62; 95% CI, 0.60-0.63). Addition of
24-hour lactate concentration increased the recalibrated C-statistic to 0.64 (95%
Cl, 0.62-0.66). The model with 24-hour lactate concentration and lactate con-
centration at admission showed the best fit as depicted by the smallest Akaike
Information Criterion in both the derivation and validation data.

CONCLUSION: The 24-hour lactate concentration and lactate concentration at
admission contribute modestly to prediction of inhospital mortality in critically il
patients with sepsis. Future updates and possible modification of APACHE IV
should consider the incorporation of lactate concentration at baseline and at 24
hours.

KEY WORDS: Acute Physiology and Chronic Health Evaluation; critical care;
external validation; lactic acid; prognosis; sepsis; septic shock

epsis is a life-threatening organ dysfunction caused by a dysregulated
host response to infection (1). It is one of the leading causes of mortality
and prolonged disability among critically ill patients (2, 3). Serum lac-
tate level and lactate clearance are cornerstones in the management of criti-
cally ill patients with sepsis (4), after multiple studies showing the association
between mortality and elevated lactate levels (>4 mmol/L) or lactate clear-
ance at 6 or 24 hours (5-9). Early lactate-guided resuscitation in critically ill
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patients with sepsis showed evidence of mortality re-
duction in different randomized control studies (10,
11), which was confirmed in later meta-analyses (12,
13). Despite the important role of lactate in the man-
agement of critically ill patients with sepsis, lactate
concentration and lactate clearance are thus far not
taken into account in outcome prediction models for
critically ill patients.

One of the most widely used prediction models for
benchmarking in the ICU is the Acute Physiology and
Chronic Health Evaluation for predicting inhospital
mortality (APACHE) (14, 15). The APACHE 1V is
based on 142 variables collected in the first 24 hours
after admission to the ICU (14). We previously reported
the added value of lactate level and lactate clearance at
0, 6, and 24 hours after ICU admission compared with
APACHE 1V scores for mortality prediction in criti-
cally ill patients with sepsis (16). We found that lac-
tate level at 24 hours had the highest added predictive
value to predict inhospital mortality when added to
the APACHE IV model. External validation in an in-
dependent patient population is an essential next step
in prediction model development that should be per-
formed before a model can be implemented in clinical
practice (17).

We aimed to validate the role of the lactate concen-
tration during the first 24 hours of ICU admission for
predicting inhospital mortality in critically ill patients
with sepsis admitted to ICUs. We hereto analyzed
patients from in the Medical Information Mart for
Intensive Care (MIMIC)-III study.

MATERIALS AND METHODS

The Transparent Reporting of a multivariable pre-
diction model for individual Prognosis Or Diagnosis
checklist for prediction model development was used
for the reporting of this study (Supplemental Table 1,
http://links.lww.com/CCX/B49) (18, 19).

Derivation Cohort

The derivation cohort consisted of 451 critically ill
patients with sepsis admitted to the ICU of Leiden
University Medical Center, The Netherlands, between
January 2006 and 2018 (16). The institutional review
board of Leiden University Medical Center approved
the study in September 2017 (reference G17.094),
which was conducted according to the 1964 Helsinki

2 www.ccejournal.org

declaration and its later amendments. A waiver for in-
formed consents was granted by the same institutional
review board. The critically ill patients with sepsis were
identified by their APACHE IV admission diagnosis
“sepsis.” Patients under 18 years old, patients without
any lactate measurement during their ICU admission,
and patients admitted for less than 24 hours in the ICU
were excluded since the APACHE IV predicts from 24
hours after ICU admission. Only patients’ first ICU
admissions were analyzed (14). Patients discharged to
another ICU or admitted from another ICU were also
excluded from the analysis (16). The regression coef-
ficients of the three best performing models were used
in the validation cohort (Supplemental Table 2, http://
links.Jlww.com/CCX/B49).

MIMIC Cohort

We were permitted access to the MIMIC database, a
large, singe-center database comprising information
relating to patients admitted to critical care units at the
Beth Israel Deaconess Medical Center, Boston, MA,
between June 2001 and October 2012 for validation.
Information regarding data collection and regulatory
norms of the MIMIC database was published earlier
(20). Summarized, the MIMIC database has been
approved by the institutional review boards of Beth
Deaconess Medical Center and the Massachusetts
Institute of Technology in January 2001. Furthermore,
a waiver for informed consent was granted by the in-
stitutional review board of Beth Deaconess Medical
Center (reference 2001P001699). The data set was
freely accessible after following an online human
subjects training and signing a data user agreement.
The MIMIC database has been last updated in 2016
(MIMIC-III v1.4) and has deidentified information of
patients admitted to the ICU (20). The same in- and
exclusion criteria were applied to the validation cohort
as in the derivation cohort.

Outcome Definition

The primary outcome was inhospital mortality, which
was defined as mortality in the ICU or in another ward
during the same hospital admission. This was in ac-
cordance with the inhospital definition of the MIMIC-
III database and the derivation cohort. With 2,414
cases of inhospital mortality (events), the validation
cohort provided ample statistical power for validation,
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where the advice is to have at least 100 events and 100
nonevents (21).

Patients and Predictors

We downloaded data from the MIMIC-III database
in August 2019. We aimed to include all critically ill
patients with the admission diagnosis sepsis. However,
the MIMIC-III database did not contain the variable
“APACHE IV admission diagnosis.” As an alternative
to that variable, we identified patients with an admis-
sion diagnosis sepsis by using a combination of the
variables for the International Classification of Disease,
9th Revision (ICD-9) codes and for the sepsis-3 crite-
ria in the following way (22). We selected patients with
the following.

One of the ICD-9 codes explicitly mentioning sepsis:
995.92 (severe sepsis) or 785.52 (septic shock); and all
patients fulfilling both of the following two criteria as
suggested by Seymour et al (23):

1) “The combination of giving antibiotics and body fluid
cultures (blood, urine, cerebrospinal fluid, etc.); if the
antibiotic was given first, the culture sampling had to be
obtained within 24 hours; if the culture sampling was
first, the antibiotic had to be within 72 hours. The onset of
infection was defined as the time at which the first of these
two events occurred” (23).

2) Organ dysfunction defined as having a Sequential Organ
Functioning Assessment score of at least two points (24).

Information on the source of sepsis was not available in
the MIMIC-III database. It was not possible to reliably
approximate these data. Other downloaded data com-
prised: age, sex, weight, length, length of ICU stay and
pre-ICU length of stay in days, Glasgow Coma Scale,
Acute Physiology Score (APS), chronic comorbidities,
inhospital mortality, and lactate value at admission to
the ICU and 24 hours after ICU admission (14). Pre-
ICU length of stay was calculated as the difference in
days between ICU admission time and hospital ad-
mission time. A pragmatic approximation of chronic
health conditions was made using ICD-9, as depicted
in Supplemental Table 3 (http://links.lww.com/CCX/
B49). For the Glasgow Coma Scale, we used the worst
total score during the first day of ICU admission. The
APS was calculated as the sum of weights of the worst
values during the first ICU day for pulse rate, mean
arterial pressure, temperature, respiratory rate, arterial
oxygen tension conditional on mechanical ventilation
and F1o,, hematocrit, WBC count, serum creatinine
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conditional on acute renal failure (defined as urine
output <410mL/d or chronic dialysis), urine output,
blood urea nitrogen, sodium, albumin, bilirubin, glu-
cose, and acid base abnormalities. Worst values were
defined as in the original APACHE model, in which
the extremes of the values were assigned additional
weights and normal values were assigned a normal
weight (Supplemental Table 4, http://links.lww.com/
CCX/B49) (25).

Handling of Missing Data

We defined outliers in each variable as extreme non-
physiologic values after assessment of biological plau-
sibility (Supplemental Table 5, http://links.Iww.com/
CCX/B49). Outliers were set as missing values. We
followed a multiple imputation procedure to handle
missing data among physiologic variables needed to
calculate the APS. We assumed that the data were miss-
ing at random. Multiple imputation was done with the
R package “Multiple Imputation by Chained Equation”
(26, 27), using the predictive mean matching method.
The variable lactate clearance at 24 hours was imputed
using passive imputation. To improve the efficacy of
the imputation model, we included auxiliary variables
that were expected to be correlated with the incomplete
variables (Supplemental Table 5, http://links.lww.com/
CCX/B49) (26). This led to a more effective imputation
procedure as more variability was explained. Since at
most 15% of values were missing (Supplemental Fig. 1,
http://links.lww.com/CCX/B49), we imputed 15 data-
sets (28) and took into account both the within- and
between-imputation variabilities for the analysis by
applying Rubin rules to pool the estimates and vari-
ances (29, 30). Furthermore, a sensitivity analysis was
performed, using a single imputation with the last-
value-carried-forward method (Supplemental Fig. 2,
http://linkslww.com/CCX/B49).

Statistical Analysis

We first calculated predicted risks using the regression
coefficients from the derivation cohort (Supplemental
Table 2, http://links.lww.com/CCX/B49) in the valida-
tion cohort. The underlying logistic regression model
had the following predictors: age, pre-ICU length of
stay, Glasgow Coma Scale, APS, and chronic comor-
bidities. In this simplified model, linear terms were
used instead of cubic spline terms. Due to the lack of
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reliable data regarding sepsis source and admission
type (elective surgery, urgent surgery, or medical) in
the validation cohort, these predictors and their re-
gression coefficients were not included in the logistic
regression models for the validation cohort. A total of
four models from the derivation cohort were applied
to our validation cohort, as depicted in Supplemental
Table 6 (http://links.Iww.com/CCX/B49). To accom-
modate for differences between cohorts regarding cal-
endar time and geographical location, we recalibrated
the intercepts and slopes of the models in our vali-
dation cohort. Recalibration thereby increased gen-
eralizability of the model predictions and minimized
miscalibration (31).

The performance of the models in the validation co-
hort was assessed according to model discrimination
and calibration. Prediction model assessments were
performed using the val.prob.ci.2-function in R (30, 32).
Calibration-in-the-large and calibration slopes were
assessed for each model. The Loess algorithm was used
to smoothen the calibration plots. Calibration was de-
fined as the agreement between observed outcomes and
predicted outcomes. Calibration-in-the-large is a com-
parison of the mean of all predicted risk with the mean
observed risk and should ideally be 0. It was calculated
as the intercept in a logistic regression model with the
log odds of the predicted risk as the only predictor.
Regression slopes in each of these regression models
provided the calibration slopes, which should ideally be
1 if observed and predicted risks graphically follow a 45°
line (33). Discrimination was defined as differentiation
of those with inhospital mortality from those without
inhospital mortality. It was assessed for each model with
the C-statistic, which is identical to the area under the
receiver operating characteristic curve (AUROC).

Improvement in model performances in compar-
ison to the APACHE IV model was assessed using
the difference in C-statistic with a p value calculated
with the likelihood ratio statistic. Akaike Information
Criterion (AIC) was used to estimate the relative in-
formation loss in each model, as stated in our pre-
vious study (16). Furthermore, for more insight into
the prediction performances, we reported the Net
Reclassification Improvement (NRI) of the APACHE
IV model with 24-hour lactate concentration com-
pared with the APACHE IV model separately for
events (mortality) and nonevents (34, 35). The NRI
for events can be interpreted as change in sensitivity,
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whereas the NRI for nonevents can be interpreted
as the change in specificity (16, 36). The fraction of
patients who were correctly reclassified was calculated
by using formula 1:

Fraction correctly reclassified = (Event rate X NRl(eyent)) +
(Nonevent rate X NRIgonevent))

All analyses were performed in R (R foundation for
Statistical Computing, Vienna, Austria) (37).

RESULTS

Validation Cohort Characteristics

A total of 12,134 ICU admissions with admission di-
agnosis sepsis were found in the MIMIC database. We
excluded admissions with a length of stay less than 24
hours at the ICU (n = 578) and without a known lactate
concentration at 24 hours (n = 6,808). Only the first
ICU admissions during the same hospital stay were in-
cluded (n = 308 readmissions excluded). As shown in
Figure 1, eventually, 4,440 admissions were included
in the analysis. The median age was 65 years (inter-
quartile range [IQR], 53-76 yr), and most patients
were male (57%) (Table 1). Median length of ICU stay
was 5.5 days (IQR, 3.1-10.9 d). A total of 2,347 patients
died (53%) (Table 1).

Lactate concentration at admission and after 24
hours was similar in the validation cohort and the deri-
vation cohort (Supplemental Table 7, http://links.lww.
com/CCX/B49). However, the lactate clearance frac-
tions were 25% (IQR, -9.2 to 49.3%) and 18% (IQR,
-17.0 to 46.0%), respectively.

Predictive Performance

The C-statistic of the APACHE IV model was 0.71 (95%
CI, 0.70-0.73), whereas it was 0.73 (95% CI, 0.71-0.74)
in the APACHE IV model with 24-hour lactate concen-
tration, 0.73 (95% CI, 0.71-0.74) in the APACHE IV
model with 24-hour lactate concentration and baseline
lactate concentration, and 0.73 (95% CI, 0.71-0.74) in
the APACHE IV model with 24-hour lactate concen-
tration and 24-hour lactate clearance in our validation
cohort (Fig. 2A4; and Supplemental Table 8, http://
links.lww.com/CCX/B49), whereas the recalibrated
C-statistic was, respectively, 0.62 (95% CI, 0.60-0.63),
0.64 (95% CI, 0.62-0.65), 0.64 (95% CI, 0.62-0.65), and
0.64 (95% CI, 0.62-0.66). The calibration slope was 1.02
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Total admissions in MIMIC v1.4 database (n=
61,525)

1.00 (95% CI, 0.86-1.15)
in the APACHE IV model
with either 24-hour lac-
tate concentration alone
or in combination with
baseline lactate concentra-

Excluded (n=49,391)
e Age <18 years (n= 8,200)

v

e No lactate measurements (n= 25,062)
e Admission diagnosis is not sepsis (n= 16,129)

tion and was 1.00 (95% CI,
0.86-1.14) in the APACHE
IV . model with 24-hour
lactate concentration and
24-hour lactate clearance.
Furthermore, the unfitted
and refitted calibration-
in-the-large performances

Assessed for eligibility (n=12,134)

resulted in an intercept of
0.00 (95% CI, -0.06 to 0.06).
Summary of model perfor-
mances of both the valida-
tion and derivation cohort
can be found in Table 2.
The AIC difference of

Excluded (n=8575)
e Admission <24 hrs (n=578)

e No 24hr lactate measurement (n= 6808)
e Re-admission within same hospital admission (n= 308)

the APACHE IV model
with the APACHE IV
model  that included
24-hour lactate concentra-
tion was 111.7 (Table 3).
Similarly, the AIC differ-
ence of the APACHE IV
model with 24-hour lactate

v

Analyzed (n= 4440)

concentration and 24-hour
lactate clearance was 109.8,
whereas it was 112.9 in the
APACHE IV model with
24-hour lactate concentra-
tion and lactate concentra-
tion at admission. The R?

Figure 1. Flow diagram of cohort selection based on ICU admissions. MIMIC = Medical

Information Mart for Intensive Care.

(95% CI, 0.93-1.11) in the APACHE IV model and in
the APACHE IV model with 24-hour lactate concen-
tration, and 1.02 (95% CI, 0.93-1.10) in the APACHE
IV model with 24-hour lactate concentration and base-
line lactate concentration, and the slope was 1.02 (95%
CI, 0.93-1.11) in the APACHE IV model with 24-hour
lactate concentration and 24-hour lactate clearance.
The recalibrated calibration slope was 1.00 (95% CI,
0.83-1.17) in the APACHE IV model, the slope was

Critical Care Explorations

in the APACHE IV model
(R*=0.18) increased to 0.21
in the APACHE IV models
with lactate concentration at 24-hour alone, in combi-
nation with 24-hour lactate clearance, and in combina-
tion with lactate concentration at admission (Table 2).
NRI quantifies how well the model with 24-hour
lactate concentration correctly reclassifies sub-
jects compared with the APACHE IV without
lactate concentration. Among the patients who
died (n = 2,347), 44% were correctly reclassi-
fied, whereas 56% were incorrectly reclassified

www.ccejournal.org 5
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TABLE 1.
Characteristics of Patients With Sepsis Admitted to the ICU at Leiden University Medical
Center (2006-2018) of the Validation and Derivation Cohort

Medical Information Mart for Intensive
Care-lll (Validation Cohort) (n = 4,440)

Leiden (Derivation
Cohort) (n =451)

Characteristics

Male sex, absolute number (%) 2548 (57.4) 291 (64.5)
Age, median (IQR) 65.0 (53.0-76.0) 66.0 (56.0-74.0)
Missing 203 (4.6%) 0 (0%)
Body mass index, median (IQR) 275 (23.9-79.9) 24.8 (22.3-27.8)
Missing, absolute number (%) 646 (14.5) 283 (3.4)
Pre-ICU LOS hr, median (IQR) 0 (0.0-22.3) 9.6 (2.4-165.6)
Missing, absolute number (%) 1 (0.0)

ICU LOS days, median (IQR)

Chronic comorbidity, absolute number (%)

5.50 (3.1-10.9)

No comorbidity 1311 (29.5) 179 (39.7)
Cardiorespiratory 1332 (30.0) 19 (4.2)
Renal 628 (14.1) 23 (5.1)
Cirrhosis 301 (6.8) 14 (3.1)
Metastatic neoplasm 149 (3.4) 23 (5.1)
Hematologic malignancy 127 (2.9) 26 (5.8)
Immunologic insufficiency 93 (2.1) 88 (19.5)
Thrombolysis 17 (0.4) 0 (0)
Diabetes mellitus 482 (10.9) 79 (17.5)
Mechanically ventilated in the 3416 (76.9) 201 (44.6)

first 24 hr, absolute number (%)

Fio, in %
Median (IQR) 60.0 (50.0-100.0) 32.0 (28.0-40.0)
Missing, absolute number (%) 2235 (50.3) 70 (15.5)
Glasgow Coma Scale, absolute number (%)
Severe (3-8) 499 (11.2) 34 (7.5)
Moderate (9-12) 396 (8.9) 26 (5.8)
Mild (13-15) 3498 (78.8) 391 (86.7)
Missing 47 (1.1) 0 (0)
Mortality 2,347 (52.9) 160 (35.5)

IOR = interquartile range, LOS = length of stay.

(Supplemental Fig. 3, http://links.lww.com/CCX/
B49). Among patients who survived without inhospital
mortality (n = 2,093), 74% were correctly reclassified,
whereas 26% were incorrectly reclassified. This resulted
inan NRIfor events of —11% (95% CI, -15.1to -7.1) and
an NRI for nonevents of 48% (95% CI, 44.5-52.0). The
fraction of patients that were correctly reclassified was,
therefore, 17%.
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DISCUSSION

The aim of this study was to validate the added pre-
dictive value of lactate to the APACHE IV model in
predicting inhospital mortality in critically ill patients
with sepsis, which our earlier study had indicated. The
results of the present study confirm that lactate con-
centration measured 24 hours after ICU admission
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Figure 2. Overview of calibration curves of the 4 models in the validation cohort after recalibration of intercept and slope. A, The

calibration curves of validated models before recalibration.

modestly improved the predictive performance be-
yond that of the APACHE IV model predicting inhos-
pital mortality among critically ill patients with sepsis.
Similarly, addition of lactate clearance at 24 hours or
lactate concentration at admission modestly increased
the predictive power beyond that of the APACHE
IV model. The addition of both lactate concentra-
tion at admission and 24-hour lactate had, relatively,
the strongest effect on the predictive performance of
APACHE 1V in critically ill patients with sepsis.

Critical Care Explorations

The discriminative performance of APACHE IV in
the MIMIC cohort was much lower than that in our
previously published derivation cohort and in other
cohorts. Previous validation studies of APACHE IV
in different countries (India, Brazil, The Netherlands,
and Malaysia) showed overall good discrimination
(AUROC between 0.78 and 0.89) (38-40). To the best
of knowledge, no other study validated APACHE IV
(neither with nor without additional variables) in the
publicly available MIMIC database. The relatively low
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Figure 2. (Continued). B, The calibration curves of validated models after recalibration are illustrated. APACHE IV = Acute Physiology

and Chronic Health Evaluation.

discriminative performances of APACHE IV may for a
large part be explained by insufficient information on
two important APACHE IV predictors in the MIMIC
database: admission type and sepsis source.

Missing data may also have influenced the findings.
A larger proportion of missing data were seen in the
MIMIC cohort compared with the derivation cohort
(16). More than 40% missing in F10,, albumin, and
in multiple auxiliary variables could be seen, possibly
affecting the regression coeflicients (41). However, a
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little to no change in model performances in both the
recalibrated models and nonrecalibrated models was
seen in the sensitivity analyses, confirming robustness
of the data (41, 42).

Additionally, the low discriminative perfor-
mances may be explained by differences in case-
mix, definitions, and standard of care (43, 44). The
identification of critically ill patients with sepsis
could not be done with the APACHE IV definition
of sepsis, since this was not available in the MIMIC
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TABLE 2.
Performances of the Models in the Recalibrated Validation and Derivation Cohort (16)

Medical Information Mart for Intensive Care (Validation

Cohort) Derivation Cohort

C-Statistic
(95% CI)

Regression

Slope (95% CI) C- Statistic R?

Intercept

Acute Physiology and 0.62 (0.60-0.63) -1.34e-13 1.00 (0.83-1.17) 0.05 0.78 0.28
Chronic Health
Evaluation IV

+ Lactate 24 hr 0.64 (0.62—0.65) 1.40e-11 1.00 (0.86—1.15) 0.07 0.79 0.30

+ Lactate 24 hr and lactate  0.64 (0.62—0.65) 1.10e-11 1.00 (0.86—1.15) 0.07 0.79 0.30
at baseline

+ Lactate 24 hr and 24-hr 0.64 (0.62—0.66) 1.47e-11 1.00 (0.86—1.14) 0.07 0.79 0.30

lactate clearance

TABLE 3.

Improvement in Model Performances After Adding Various Measures of Lactate Concen-
tration During the First 24 hr After Admission to the Intensive Care Quantified as Differ-
ence in Akaike Information Criteria Compared With the Acute Physiology and Chronic
Health Evaluation IV Model in the Validation and the Derivation Cohorts (16)

Medical Information Mart for Intensive Care
(Validation Cohort)

Derivation Cohort

Observations df AlIC

Acute Physiology and 4,440 20
Chronic Health
Evaluation IV

+ Lactate 24 hr 4,440 21

+ Lactate at baseline and 4,440 22
lactate 24 hr

+ Lactate 24 hr and 24-hr 4,440 22

lactate clearance

5,5649.7

5,438.0
5,436.7

5,439.8

AAIC Observations  df AAIC
Reference 451 26 Reference
111.68 451 27 7.71
112.94 451 28 7.16
109.81 451 28 7.32

AAIC = Akaike Information Criterion difference from the Acute Physiology and Chronic Health Evaluation IV model, df = degree of

freedom for the chi-squared distribution.

database. We, therefore, identified the present co-
hort using the sepsis-3 criteria in combination with
the ICD-9 codes. The resulting difference in case-
mix could have led to differences in performances
between the prediction models of the derivation
and validation cohorts (43). Furthermore, the defi-
nitions of chronic comorbidities and admission di-
agnosis in our derivation cohort accorded with the
APACHE IV definitions (14, 16). In our analysis in
MIMIC, we pragmatically defined these predictors
using the Elixhauser coding algorithm and criteria
as previously reported (22). The differences in the

Critical Care Explorations

definition and calculation of predictors between
derivation and validation cohort could eventually
influence model performances (45, 46).

Despite the observed low predictive performance of
APACHE 1V in the current analysis on MIMIC data, the
present findings corroborate our previous observation
that lactate adds predictive performance to APACHE
IV. The currently observed added predictive value of
lactate at admission and at 24 hours was similar to the
added predictive value observed in the derivation co-
hort. We, therefore, infer that a next version of APACHE
might profit from including lactate values to improve
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the prediction of mortality among critically ill patients
with sepsis. In clinical practice lactate is already regularly
monitored in patients with sepsis. It is generally known
that lactate and lactate clearance 24 hours after admis-
sion to the ICU are associated with mortality in critically
ill patients with sepsis (5, 10). The latest Surviving Sepsis
Campaign recommends lactate monitoring to support
clinical management (4). Thus, the present findings are
biologically and clinically plausible. Yet, before imple-
mentation in clinical practise, the models to predict mor-
tality among critically ill patients with sepsis need to be
refined and validated in critically ill patients with sepsis
in other ICUs and in more recent calendar times, since
both the validation and derivation study were rather his-
torical cohorts, whereas the management and diagnosis
of sepsis have changed in recent years and might influ-
ence the outcome distribution (1, 4, 47).

CONCLUSIONS

This validation study confirms a modest but nonneg-
ligible added value of 24-hour lactate in predicting
inhospital mortality in critically ill patients with sepsis,
especially if both lactate concentration at admission
and 24-hour lactate concentration are added to the
APACHE IV model. Future updates of APACHE IV
should consider incorporating lactate at baseline and
at 24 hours as predictors.
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