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Abstract

Introduction: The Sequential Organ Failure Assessment version 1 (SOFA-1) score defines organ
dysfunction in Sepsis-3. However, this score describes illness severity rather than predicts mortality. This
study evaluated whether routine continuous admission variables improve mortality prediction.

Methods: This retrospective cohort included 465 adults with sepsis admitted to intensive care units
between March 2022 and March 2024. Overall, 114 patients died in hospital. Candidate predictor sets
included six continuous SOFA-1 proxies and 14 additional routine admission variables. Models were
evaluated using 20 repeats of stratified 10-fold cross-validation. The primary model was an elastic-net
penalised logistic regression. Discrimination was compared using the paired DeLong test.

Results: On held-out folds, the elastic-net model achieved an area under the curve (AUC) of 0.846. In
comparison, SOFA-1 achieved an AUC of 0.711 (difference 0.134, 95% confidence interval (Cl) 0.074 to
0.195; p<0.001). The six-proxy model improved AUC by 0.089 (95% CI 0.033 to 0.144). The Glasgow
Coma Scale alone matched SOFA-1 discrimination (difference in AUC 0.035, 95% Cl - 0.025 to 0.096; p =
0.240). Adding age and sex to SOFA-1 yielded no significant change (difference in AUC 0.000, 95% CI -
0.017t0 0.018).

Conclusions: Routinely recorded continuous admission variables predicted in-hospital mortality better
than SOFA-1 in this cohort. Prospective external validation is required before clinical use.

Introduction

Sepsis is life-threatening organ dysfunction caused by a dysregulated host response to infection [1].
Sepsis-3 defines dysfunction as an acute increase of two or more points in the Sequential Organ Failure
Assessment version 1 (SOFA-1) score [2]. The 2025 international consensus update revised component
variables and thresholds [3]. The updated framework retained six organ systems scored from 0 to 4.
Because the Sequential Organ Failure Assessment version 2 consensus retains ordinal banding,
preserving continuous prognostic information remains a practical question.

The original SOFA-1 score was developed to describe organ dysfunction over time rather than to predict
mortality [4—6]. It groups continuous measurements from six systems into ordinal bands. The Glasgow

Coma Scale represents the neurological component. A systematic review reported area under the curve
values between 0.61 and 0.88 for Sequential Organ Failure Assessment models [7]. A large cohort study
reported discrimination of approximately 0.75 [8]. Grouping continuous predictors discards information,
reduces statistical power, and obscures non-linear relationships [9, 10]. Data-driven cut points introduce
further bias.

Machine learning models for sepsis outcomes consistently report high discrimination [11-14]. However,
studies rarely assess calibration [15], and most published models carry high risk of bias [16].
Furthermore, machine learning shows no systematic performance advantage over logistic regression
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across clinical prediction tasks [17]. In addition, sepsis early-warning systems have not demonstrated
reduced mortality in trials [18].

This study developed a prognostic model for admission-time risk stratification in sepsis. The primary
objective was to determine whether continuous admission variables discriminate mortality better than
SOFA-1. Secondary objectives evaluated calibration, decision-curve net benefit, and performance
attribution. Reporting follows the Transparent Reporting of Individual Prognosis or Diagnosis guidelines
with artificial intelligence extensions [19] (Additional file 1).

Methods and Materials

Participants

This single-centre retrospective cohort included 465 consecutive adults aged = 18 years who met Sepsis-
3 criteria. Patients were admitted to intensive care units (ICU) at Afzalipour Hospital between March
2022 and March 2024. Afzalipour Hospital is a tertiary referral centre affiliated with Kerman University of
Medical Sciences in Kerman, Iran. All eligible records during the accrual window were included. This
yielded 114 events across 20 candidate variables. This effective events-per-variable ratio of 5.700
required regularized regression to mitigate overfitting [20]. The dataset included demographics, vital
signs, laboratory results, and comorbidity categories. It also included the Sequential Organ Failure
Assessment version 1 (SOFA-1) score. Specific ICU therapeutic interventions and vasopressor doses
were not recorded in the archival database.

The data custodian attested the following collection protocol:

Vital signs and Glasgow Coma Scale: First recorded value after ICU admission.

Laboratory panel: Initial admission panel retrieved from the hospital information system.
The SOFA-1 score: Worst values within the first 24 h after ICU admission.

Outcome: Sepsis-related in-hospital mortality.
Data preparation

Across the data, 35 missing cells (0.2%) were present in laboratory measurements. Missing continuous
variables were imputed using in-fold medians. Missing categorical variables were imputed using in-fold
modes. Imputation was nested strictly within training folds during cross-validation to prevent
information leakage.

Outcome and Predictors

The primary outcome was in-hospital mortality recorded as a binary indicator. The follow-up time horizon
ended at hospital discharge. Two nested predictor sets were evaluated. Set A comprised six
continuously measured variables representing SOFA-1 components. Set B comprised Set A plus 14
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routine admission variables. These included demographics, vital signs, extended laboratory markers, and
comorbidity categories. Right-skewed laboratory variables entered linear models as log(1 + x).

Models

Nine models were evaluated across the cohort. Four benchmark models included the uncalibrated SOFA-
1 score, logistic SOFA-1, Glasgow Coma Scale alone, and SOFA-1 with demographics. An elastic net on
Set A served as the attribution model. The primary model was an elastic net on Set B [21, 22]. Three
comparator models included spline-ridge regression, random forest [23], and gradient-boosted trees [24].

Validation procedure

All models were evaluated through a unified cross-validation pipeline. The evaluation used 20 repeats of
stratified 10-fold cross-validation on shared folds. Continuous predictors were standardized within each
training fold. Derived scaling parameters were applied to test folds. Hyperparameters were tuned using
an inner 5-fold cross-validation loop within each training fold. Class rebalancing was excluded from
primary models and evaluated solely in sensitivity analysis [25].

Performance measures

Discrimination was assessed using the area under the curve (AUC) and precision-recall curves. Paired
curves were compared using the DeLong test [26]. Calibration was assessed by intercept, slope,
integrated calibration index, and E90 [15, 27]. Overall accuracy was measured by Brier score, scaled Brier
score, and logarithmic loss. Differences in AUC are reported as medians across 20 repeats with paired
DeLong 95% confidence intervals.

Clinical utility was evaluated through sensitivity, specificity, predictive values, and decision-curve net
benefit [28-30]. Net reclassification improvement and integrated discrimination improvement were
calculated relative to SOFA-1 [27]. Model optimism was estimated using 300 bootstrap resamples [31].
Information criteria were computed only when model likelihood was defined. Four pre-specified checks
included permuted-outcome tests, fold-disjointness verification, an AUC upper ceiling, and bootstrap
agreement. Analyses were conducted in R version 4.3.3.

Results

Cohort

Among 465 adults with sepsis, 114 (24.5%) died in hospital and 351 (75.5%) survived to discharge.
Figure 1 illustrates participant flow.

Figure 1. Flow of participants through the study. All 465 adults meeting Sepsis-3 criteria were included in
model development and validation. Overall, 114 (24.5%) died in hospital.
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Table 1 summarizes baseline characteristics by outcome. Non-survivors presented with higher
Sequential Organ Failure Assessment version 1 (SOFA-1) scores (median 7.000 versus 5.000). Non-
survivors also had lower Glasgow Coma Scale (GCS) scores (median 7.000 versus 13.000). They
showed higher respiratory rate, higher mean platelet volume, and higher creatinine. The red cell
distribution width coefficient of variation did not differ between groups (p = 0.710). Haemoglobin, blood
sugar, and sex also showed no significant differences.
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Table 1
Baseline characteristics by outcome.

Variable

Age, years

Sequential Organ Failure
Assessment score
Glasgow Coma Scale

Respiratory rate, /min

Sp0,, %

Platelets, x10°/L

White cell count, x10°/L

Haemoglobin, g/dL

Mean platelet volume, fL
Red cell distribution width
(coefficient of variation), %

C-reactive protein, mg/L

Erythrocyte sedimentation
rate, mm/h

Creatinine, mg/dL

Blood urea nitrogen, mg/dL

Bilirubin, mg/dL

Overall (n=
465)

61.000
(45.000-
73.000)

5.000 (3.000-
7.000)

11.000 (8.000-
15.000)

18.000
(16.000-
20.000)

92.0 (85.0-
96.0)

215.000
(146.000~-
305.000)

12.000 (8.300-
19.700)

12.300
(10.200-
14.700)

10.500 (9.500-
11.600)

14.4 (13.0-
16.7)

82.000
(32.000-
149.000)

15.000 (9.000-
35.000)

1.200 (0.900-
2.100)

52.000
(33.000-
92.000)

3.300 (2.300-
5.700)

Survived (n =
351)

60.000
(44.000-
72.000)

5.000 (3.000-
7.000)

13.000 (9.000-
15.000)

18.000
(16.000-
20.000)

93.0 (86.0-
97.0)

220.000
(153.000~-
309.000)

11.900 (8.300~-
18.600)

12.400
(10.100-
14.700)

10.300 (9.400-
11.200)

14.3 (13.0-
16.6)

78.000
(26.000-
136.000)

14.000 (8.000-
33.000)

1.100 (0.900-
1.800)

46.000
(31.000-
84.000)

3.300 (2.300-
5.500)
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Died (n=114)

65.000
(49.200-
77.800)

7.000 (6.000-
10.000)

7.000 (4.200-
11.000)

20.000
(16.000-
22.800)

90.0 (81.0-
96.0)

192.000
(115.000-
288.000)

13.400 (8.500~
22.000)

12.100
(10.200-
14.800)

11.000 (9.600-
12.400)

14.8 (13.0-
16.8)

86.000
(46.000-
171.000)

19.500
(12.000-
40.000)

1.700 (1.100-
3.100)

70.000
(42.000-
123.000)

3.400 (2.500-
6.000)

0.027

<
0.001
<
0.001
<
0.001
0.024

0.017

0.140

0.788

A

0.001
0.710

0.022

<
0.001

<
0.001
<
0.001

0.169




Variable

Blood sugar, mg/dL

Blood culture positive

Overall (n=

465)

128.000
(95.000-
191.000)

61 (13.1%)

Survived (n =

351)

128.000
(94.000-
192.000)

45 (12.8%)

Died (n=114)

128.000
(98.000-
179.000)

16 (14.0%)

p

0.864

0.862

Continuous variables are median (interquartile range); categorical are n (%). The p-values are from
Mann—-Whitney U or chi-squared/Fisher tests and are descriptive. Sp0O,, peripheral oxygen saturation.

Discrimination

Table 2 and Fig. 2 present out-of-fold performance. The elastic-net model achieved an area under the

curve (AUC) of 0.846 compared to 0.711 for the SOFA-1 model.

Table 2

Out-of-fold model performance across cross-validation.

Model

Gradient-boosted
ensemble

Elastic net, Set B
(primary)

Ridge + natural
splines

Random forest

Elastic net, Set A
(six proxies)

Glasgow Coma
Scale alone

Sequential Organ
Failure
Assessment,
unfitted score

Sequential Organ
Failure
Assessment with
age and sex

Sequential Organ
Failure
Assessment
(logistic)

k

Area

under
curve
0.847
0.846
0.845

0.839
0.800

0.747

0.718

0.712

0.711

Brier

0.116

0.122

0.123

0.122
0.144

0.155

0.166

0.162

0.163

Calibration
slope

1.102

1.132

1.029

1.209
1.041

0.977

0.125

0.928

0.972

Calibration Akaike

index

0.023

0.019

0.011

0.049
0.019

0.025

0.064

0.018

0.033

criterion

367.200

365.900

415.700

448.000

466.400

466.300

Bayesian
criterion

425.200

428.000

444.700

456.300

483.000

474.600
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Data reflect 20 repeats of stratified 10-fold cross-validation with identical folds. The symbol k denotes
effective parameters. Information criteria are undefined for tree ensembles.

Figure 2. Receiver operating characteristic curves, out-of-fold across 20 repeats of stratified 10-fold
cross-validation on shared folds. The elastic-net model reaches an AUC of 0.846 against 0.711 for the
SOFA-1 model.

Table 3 details paired comparisons against SOFA-1. The elastic-net model discriminated better than
SOFA-1, with difference in AUC of 0.134 (95% confidence interval (Cl) 0.074 to 0.195; p<0.001). The
gradient-boosted ensemble and spline model performed similarly to the primary model. Two
comparisons were null. The GCS-only model reached an AUC of 0.747 against SOFA-1's 0.711 (difference
in AUC 0.035,95% CI - 0.025 to 0.096; p = 0.240). Adding age and sex to SOFA-1 did not improve
discrimination (difference in AUC 0.000, 95% CI - 0.017 to 0.018; p = 0.029).

Table 3
Difference in AUC against the SOFA-1 model.
Model Difference in area 95% confidence P
under curve interval

Elastic net, Set B (primary) 0.134 0.074t0 0.195 <
0.001

Gradient-boosted ensemble 0.135 0.075t0 0.195 <
0.001

Ridge + natural splines 0.133 0.070t0 0.197 <
0.001

Random forest 0.126 0.064 to0 0.187 <
0.001

Elastic net, Set A (six proxies) 0.089 0.033t00.144 <
0.001

Glasgow Coma Scale alone 0.035 -0.025t0 0.096 0.240

Sequential Organ Failure Assessment 0.000 -0.017t0 0.018 0.029

with age and sex

Values are median across 20 repeats with paired DeLong 95% confidence intervals. The p-values are
from the paired DelLong test on pooled predictions.

Attribution of performance gain

Figure 3 shows the attribution analysis. Replacing SOFA-1 with six continuous admission proxies
improved AUC by 0.089 (95% Cl 0.033 to 0.144; p < 0.001). Adding 14 routine markers contributed an
additional 0.045 (95% CI 0.015 to 0.075; p = 0.003). Compared with GCS alone, the full model improved
AUC by 0.098 (95% CI 0.051 to 0.144).

Page 8/21



Figure 3. Attribution of the gain over SOFA-1. Bars are paired DeLong 95% confidence intervals; the inner
ticks show the Monte Carlo spread across cross-validation repeats.

Calibration and clinical utility

Figure 4 illustrates model calibration. The elastic-net model showed a calibration intercept of 0.009 and
a slope of 1.132. Its integrated calibration index was 0.019 compared to 0.033 for the SOFA-1 model.
The spline model achieved the closest calibration (slope 1.029, integrated calibration index 0.011). In
contrast, the random forest showed the poorest calibration among fitted models (slope 1.209, integrated
calibration index 0.049).

Figure 4. Calibration curves with the integrated calibration index for each model. The elastic-net model
slope of 1.132 indicates mild under-fitting of the extremes.

At the Youden-optimal threshold, the elastic-net model achieved accuracy 0.805, sensitivity 0.676, and
specificity 0.846. Positive predictive value was 0.589, and negative predictive value was 0.889. The
SOFA-1 model reached accuracy 0.634, sensitivity 0.763, specificity 0.593, positive predictive value
0.378, and negative predictive value 0.885. The SOFA-1 model achieved higher sensitivity. However, its
lower specificity misclassified 40.7% of survivors as high risk.

At a rule-out threshold (sensitivity = 0.900), the elastic-net model maintained specificity of 0.597. In
comparison, SOFA-1 specificity dropped to 0.168. A fixed threshold of 0.500 missed over half of all

deaths (sensitivity 0.488 for elastic net, 0.192 for SOFA-1). However, it exhibited a misleadingly high
overall accuracy of 0.837.

Decision curves (Fig. 5) showed higher net benefit for the elastic-net model across threshold
probabilities from 0.020 to 0.600. Relative to SOFA-1, categorical net reclassification improvement was
0.470 and integrated discrimination improvement was 0.189.

Figure 5. Decision curves, net benefit against threshold probability from 0.010 to 0.600, for the elastic-
net model, the SOFA-T model, treat-all and treat-none. The elastic-net model has higher net benefit
across the range from 0.020 to 0.600.

Variable importance and sensitivity analyses

Permutation importance ranked GCS highest (AUC reduction 0.140, 95% Cl1 0.115 to 0.156). Respiratory
rate followed (0.050), then mean platelet volume (0.032), and creatinine (0.016). The contribution of GCS
was approximately 2.8 times that of respiratory rate. Stability selection retained ten variables across
100.0% of folds.

Bootstrap optimism correction yielded a corrected AUC of 0.846 for the elastic-net model. Apparent
optimism scaled with model complexity, ranging from 0.001 for SOFA-1 to 0.031 for the elastic net.
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Excluding red cell distribution width changed AUC by 0.000. In-fold winsorizing changed AUC by 0.000.
Complete-case analysis (n = 430) yielded an AUC of 0.833. Oversampling the minority class to 50.0%
altered discrimination minimally (AUC loss 0.006). However, it shifted the calibration intercept from
0.008 to - 1.042 and worsened the integrated calibration index to 0.144.

In the permuted-outcome test, the primary pipeline yielded an out-of-fold AUC of 0.422. Across 36
permutations, the maximum observed AUC was 0.572. All models passed fold-disjointness checks. The
highest observed out-of-fold AUC was 0.847, below the pre-specified ceiling of 0.900.

Discussion

In sepsis, continuous admission variables predicted in-hospital mortality more accurately than
Sequential Organ Failure Assessment version 1 scores. This advantage came from preserving
continuous measurements of organ function rather than coarse integer categories. The Glasgow Coma
Scale (GCS) alone matched the predictive discrimination of the composite score. In contrast,
demographic variables added no prognostic value beyond acute physiological derangements.

The Sequential Organ Failure Assessment score was designed in 1996 to track organ dysfunction in
trials [4, 5]. Dynamic trajectories capture prognosis [6]. However, Sepsis-3 adopted acute score increases
as diagnostic criteria [1, 2, 32]. This entrenched the banded score as a mortality benchmark [8].
Subsequent machine learning studies claimed high discrimination [11-14, 33]. Yet systematic audits
identified a high risk of bias [16, 34, 35] and poor calibration [15]. Machine learning showed no
systematic benefit over regularized regression [17, 36]. Furthermore, early-warning systems have failed
to lower trial mortality [18]. Recent consensus validations [3, 37—-40] confirm that integer binning still
bounds discrimination.

Grouping continuous predictors into integer intervals discards non-linear risk gradients and reduces
statistical power [9, 10]. In the present study, modeling continuous core organ variables raised out-of-
fold discrimination from 0.711 to 0.800. This single step recovered 65.8% of the total performance gap.
Furthermore, summed integer scores assume equal weight across organ systems despite varying
component contributions [41]. Regularized regression estimates optimal multi-system weights directly
from continuous log-odds slopes [21, 42].

Admission GCS was the strongest individual predictor. It achieved an area under the curve of 0.747
alone. During acute sepsis, encephalopathy develops rapidly through microvascular thrombosis and
impaired autoregulation [43]. Because unbuffered brain tissue depends on constant perfusion, the
nervous system acts as an immediate sensor of failure. In contrast, renal and hepatic markers require 12
to 48 h of clearance latency to accumulate [33]. Bedside neurological assessment and compensatory
tachypnoea [44] detect acute collapse earlier than laboratory panels.

Mean platelet volume was retained across all stability folds and independently predicted mortality.
Severe sepsis triggers consumptive coagulopathy and microvascular sequestration. This process
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stimulates the release of hyper-reactive reticulated platelets that accelerate immunothrombosis [45, 46].
In contrast, red cell distribution width was uninformative, diverging from retrospective claims [47, 48].
Because erythrocytes have a 120-day lifespan, anisocytosis reflects chronic baseline health rather than
acute shock.

Complex tree ensembles showed no performance advantage over regularized linear models [17, 36].
Tree ensembles build high-variance partitions across correlated variables [22—-24], whereas regularized
regression fits smooth boundaries [21]. Artificial class rebalancing via oversampling altered
discrimination minimally [25]. However, it caused severe calibration collapse [15, 49]. Decision-curve
analysis confirmed positive net benefit for the elastic-net model across threshold probabilities from
0.020 to 0.600 [28-30, 50]. Applying prevalence-calibrated thresholds remains essential for clinical
deployment [27, 30].

Several limitations warrant consideration. With 114 deaths across 20 candidate variables, this single-
centre study requires external validation [20, 31, 51-53]. Predictor timing was attested rather than
machine-timestamped [54, 55]. Candidate GCS was recorded upon admission. In contrast, total
Sequential Organ Failure Assessment version 1 scores incorporated worst 24 h values. In addition, GCS
is subject to inter-observer variability and unrecorded sedation [55]. Finally, the static admission design
precluded evaluating dynamic trajectories [6, 42], penalized degrees of freedom remain approximate [56),
and subgroup audits were constrained [19].

Conclusions

In sepsis, continuous admission variables demonstrated superior discrimination and calibration
compared with categorical Sequential Organ Failure Assessment scores. This approach also improved
decision-curve net benefit across clinical risk thresholds. Preserving continuous organ dysfunction
parameters recovered most of this performance gain. This finding illustrates the statistical penalty of
integer banding in risk stratification. Prospective external validation and randomized trials remain
necessary before clinical implementation.
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Flow of participants through the study.
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Out-of-fold ROC: model vs SOFA
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Figure 2

Receiver operating characteristic curves out-of-fold.
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Where the gain over SOFA comes from
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Figure 3

Attribution of the performance gain over SOFA-1.
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Out-of-fold calibration
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Figure 4

Calibration curves with the integrated calibration index for each model.
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Decision curve analysis
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Figure 5

Decision curves of net benefit across threshold probabilities.
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