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Introduction: AKI is a frequent complication in sepsis patients and is estimated to occur in almost half of patients with severe sepsis.
However, there is currently no effective therapy for AKI in sepsis. Therefore, the therapeutic approach is focused on prevention. Based
on this, there is an opportunity to examine a panel of biomarker models for predicting AKI.

Material and Methods: This prospective cohort study analysed the differences in Cystatin C, Beta-2 Microglobulin, and NGAL
levels in sepsis patients with AKI and sepsis patients without AKI. The biomarker modelling of AKI prediction was done using
machine learning, namely Orange Data Mining. In this study, 130 samples were analysed by machine learning. The parameters used to
obtain the biomarker panel were 23 laboratory examination parameters.

Results: This study used SVM and the Naive Bayes model of machine learning. The SVM model’s sensitivity, specificity, NPV, and
PPV were 50%, 94.4%, 71.4%, and 87.5%, respectively. For the Naive Bayes model, the sensitivity, specificity, NPV, and PPV were
83.3%, 77.8%, 87.5%, and 71.4%, respectively.

Discussion: This study’s SVM machine learning model has higher AUC and specificity but lower sensitivity. The Naive Bayes model
had better sensitivity; it can be used to predict AKI in sepsis patients.

Conclusion: The Naive Bayes machine learning model in this study is useful for predicting AKI in sepsis patients.
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Introduction
Sepsis is defined as life-threatening organ dysfunction caused by dysregulation of the body’s response to infection. The
Intensive Care Over Nations study mentioned, of 10,069 ICU patients worldwide, 29.5% of patients experienced sepsis.
The mortality rate of sepsis in the ICU was 25.8%, and the mortality rate in the hospital was 35.3%. Research in the
United States shows that approximately 1.7 million adults are hospitalised with sepsis, resulting in an enormous
economic burden, as sepsis requires the highest cost of care in US hospitals.' Sepsis patients have high morbidity and
mortality, and the risk is further increased by the occurrence of AKI (acute kidney injury). AKI is a frequent complication
in sepsis patients and is estimated to occur in almost half of patients with severe sepsis. AKI in sepsis is associated with
poor outcomes, including more extended hospitalisation, higher mortality, and increased healthcare costs.”

AKI is a sudden decline in renal function (within hours), which includes structural damage and or loss of renal
function. AKI patients generally have a mixed aetiology of sepsis, ischemia, and nephrotoxicity, which often occur

International Journal of Nephrology and Renovascular Disease 2024:17 105-112 105
Received: 14 December 2023 © 2024 Susianti et al. This work is published and licensed by Dove Medical Press Limited. The full terms of this license are available at https://www.dovepress.com/terms.
Accepted: 12 March 2024 AT php and incorporate the Creative Commons Attribution — Non Commercial (unported, v3.0) License (http:/creati g/licenses/by-nc/3.0/). By accessing the

work you hereby accept the Terms. Non-commercial uses of the work are permitted without any further permission from Dove Medical Press Limited, provided the work is properly attributed. For
permission for commercial use of this work, please see paragraphs 4.2 and 5 of our Terms (https://www.dovepress.com/terms.php).

Published: 28 March 2024


http://orcid.org/0000-0003-4019-9109
http://www.dovepress.com/permissions.php
https://www.dovepress.com/terms.php
https://www.dovepress.com/terms.php
http://creativecommons.org/licenses/by-nc/3.0/
https://www.dovepress.com/terms.php
https://www.dovepress.com

Susianti et al Dove

together, complicating diagnosis and therapy.” The prevalence of AKI in Indonesia in 2013 was estimated at 11%.*
However, there is currently no effective therapy for AKI in sepsis. Therefore, the therapeutic approach is focused on the
prevention of AKI and supportive care, as well as the timely initiation of renal replacement therapy.’ Based on this,
biomarkers to detect AKI early are needed.

Renal injury biomarkers are analogous to troponins released by myocardial cells after myocardial ischemia or
infarction, so they are more sensitive early markers of kidney injury than creatinine.® Currently, AKI is detected by an
increase in serum creatinine levels and or a decrease in urine output. Still, creatinine has limitations because its levels
will increase when kidney damage is > 50%. Based on this, several low molecular weight proteins detected in the serum
of AKI patients are thought to be early biomarkers of AKI. These promising biomarkers include Cystatin C, Beta-2
Microglobulin (B2MG), and Neutrophil Gelatinase-Associated Lipocalin (NGAL).’

Cystatin C is a 13-kDa cysteine proteinase inhibitor produced by all nucleated cells, freely filtrated by the glomerulus, and
reabsorbed but not secreted by the renal tubules.” A meta-analysis showed elevated levels of Cystatin C in sepsis patients with
AKI.® In addition, Cystatin C also has a high predictive value for the incidence of AKI in elderly sepsis patients.’”

NGAL is a kidney-secreted 24-kDa glycoprotein and was identified as a biomarker of AKI, as its concentration
increases significantly after ischemic kidney injury.'® Research by Xie et al mentioned that NGAL is a superior
examination compared to other biomarkers in detecting AKI and is considered a “renal troponin”."!

Beta-2 Microglobulin (B2MG) is a 12-kDA protein, a significant component of histocompatibility antigens. B2MG is
filtered in the glomerulus, and 99.9% is reabsorbed in the proximal tubule. Research by Barton et al in 2018 mentioned
that serum B2MG could identify AKI, and its increase is directly proportional to the severity of AKI.'? Based on the data
above, further research on the role of these biomarkers in sepsis patients with AKI is still needed.

In addition to Cystatin C, B2MG, and NGAL biomarkers, this study will add laboratory examination data routinely
used in sepsis to develop the panel model. The examination data used was based on the complete blood count
(haemoglobin level, hematocrit, total leukocyte count, neutrophil count, lymphocyte count, NLR, RDW, MCHC,
PDW, and platelet count), blood sugar level, urea, creatinine, SGOT, SGPT, bilirubin, serum electrolytes (sodium,
potassium, chloride), and albumin.

Based on the description above, there is an opportunity to examine a panel of biomarker models for predicting AKI that has
never been done before; it is expected to be a novelty in this study using machine learning technology (artificial intelligence).

Materials and Methods

Study Design

This prospective cohort study analysed the differences in Cystatin C, Beta-2 Microglobulin, and NGAL levels in sepsis
patients with AKI and sepsis patients without AKI. In addition, the diagnostic performance in AKI of these biomarkers
was analysed. The data sources used in this study are primary data obtained from the measurement of Cystatin C, Beta-2
Microglobulin, and NGAL levels using the Enzyme-linked Immunosorbent Assay (ELISA) method and secondary data
obtained from medical records to determine the diagnosis of sepsis, kidney injury (AKI), and sample characteristics.
These data was then analysed and made into a biomarker model for predicting the occurrence of AKI using machine
learning. This study was conducted in the ICU and HCU at Dr. Saiful Anwar Hospital Malang (RSSA) and RSSA Central
Laboratory from January to September 2023. The participants of this test were 130 samples divided into healthy
participant group, sepsis with AKI, and sepsis without AKI.

The inclusion criteria of this study were participants who are 18-60 years old, not pregnant, not suffering from
autoimmune disease, and not an ESRD (end-stage renal disease) patient. The time of sepsis diagnosis was based on the
patient’s SOFA score correlated with the patient’s clinical condition. The creatinine level was followed up until the
seventh day after sepsis diagnosis, and those are the samples taken for the measurement of the biomarkers in this study.

Routine Laboratory Test to Diagnose Sepsis
All participants at the initial stage underwent a complete laboratory examination that is commonly requested in sepsis
patients, namely DL, which includes white blood cell count (WBC), absolute neutrophil count (NE), absolute lymphocyte
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count, NLR, serum lactate, PH, PaCO,, PaO,, and PaO,/FiO,, procalcitonin (PCT), liver function tests (SGOT, SGPT),
kidney function tests (urea, creatinine, eGFR), and electrolyte tests.

Biomarkers to Diagnose AKI
In addition to the above examinations, all samples will be examined for Cystatin C, Beta-2 Microglobulin, and NGAL
levels using venous blood samples with ELISA. The principle of examination is to use specific antibodies attached to the
bottom of the well, forming solid-phase antibodies. The sample is added to the well, followed by a second antibody
labelled with a horseradish peroxidase (HRP) enzyme. If the sample contains Cystatin C or Beta-2 Microglobulin or
NGAL, an enzyme-labeled antibody-antigen-antibody complex will form. The presence of this complex will cause a blue
colour change. The concentration of Cystatin C, f2MG, or NGAL in the samples is determined by comparing the
samples’ optical density (OD) with the standard curve.

Each participant was also tested for creatinine (using a Cobas c¢-501 chemical autoanalyser), and urine output was
monitored daily for seven days to assess the presence of AKI according to KDIGO criteria.

Model Analysis
The biomarker modelling of AKI prediction was implemented using machine learning, specifically Orange Data Mining.
The outcomes of these analyses are typically represented by performance metrics such as AUC, sensitivity, specificity,
PPV, and NPV. As indicated by these metrics, the model with the highest overall performance will be selected.

A predictive biomarker model of AKI was created by combining the Cystatin C, Beta-2 Microglobulin, and NGAL
biomarkers. The model was then expanded by incorporating several laboratory tests that are routinely examined in sepsis
patients, including complete blood count, blood sugar, urea, creatinine, SGOT, SGPT, bilirubin, serum electrolytes, and albumin.

Statistical Analysis

This study employed descriptive analysis to determine the mean and standard deviation of Cystatin C, Beta-2
Microglobulin, and NGAL levels across the study groups. A one-way ANOVA test or Kruskal-Wallis test was performed
to assess the comparison between the three research groups: the healthy participant group, the sepsis group with AKI, and
the sepsis group without AKI, with a significance value of < 0.05, using SPSS software.

Results

Patients Characteristics

The study groups differed in age and creatinine levels. The mean age was 32.91 + 6.40 years in healthy participants,
57.58 + 13.30 years in sepsis patients with AKI, and 58.10 £ 17.00 years in sepsis patients without AKI. Haemoglobin
was lower in sepsis groups compared to healthy participants. Creatinine was highest in sepsis patients with AKI,
followed by sepsis patients without AKI, and lowest in healthy participants (Table 1).

Biomarkers for AKI in Sepsis Patients

This study identifies three novel biomarkers for predicting AKI in sepsis patients. In this study, Beta-2 Microglobulin (7.83 £
3.55) was higher than in the healthy participants group (1.64 + 0.24) and in sepsis patients without AKI (7.27 + 3.95). We
found a significant difference among the three study groups in NGAL and Beta-2 Microglobulin. All the parameters used in
this study are listed in Table 2. The comparison data for f2MG, Cystatin C, and NGAL are shown in Table 3.

Diagnostic performance analysis using receiver operating curve (ROC) cut-off was done for the biomarkers. At the
optimal cut-off value of 7.54 mg/dL for B2-microglobulin (B2MG), the sensitivity was 60.4% and the specificity was
73.2%. For Cystatin C (CysC) at a cut-off of 0.5315 mg/dL, the sensitivity and specificity were 54.2% and 51.2%,
respectively. Using a 60.7065 ng/mL cut-off for Neutrophil Gelatinase-Associated Lipocalin (NGAL), the sensitivity was
66.7% and the specificity was 59.8% (Table 4).
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Table | Characteristics of Patient Included in This Study

Healthy Sepsis with Acute Sepsis with no Acute
Participants (n=23) | Kidney Injury (n=48) | Kidney Injury (n = 59)

Age 32.91+6.40 57.58+13.30 58.10+17.00
Gender (n, %)

Male 5 (21.74%) 35 (72.92%) 29 (49.15%)

Female 18 (78.26%) 13 (27.08%) 30 (50.85%)
Hemoglobin (g/dL) 13.59 = 1.46 1131 £290 10.1 £ 2.52
Hematocrit (%) 41.34 £ 431 34.05 + 838 2891 £ 10.40
MCHC (g/dL) 32.86 + 0.65 33.31 +2.03 32.80 + 2.39
Red Cell Distribution Width (fL) 10.84  I.16 12.02 £ 3.25 12.40 £ 3.13
Leukocyte (%10%/mm?) 8.17 +2.02 17.90 + 9.05 17.90 £ 11.3
Thrombocyte (x10%3/mm3) 298.17 + 48.15 262.20 + 156.16 251.45 + 169.40
Platelet Distribution Width (fL) 10.84 £ I.16 12.02 £ 3.25 1240 + 3.13
Absolute neutrophil (x10/uL) 5.12 £ 1.82 17.74 £ 12.72 16.39 = 15.12
Absolute lymphocyte (x10/uL) 2.46 + 0.64 1.50 £ I.19 1.45 £ 2.30
Neutrophil-to-Lymphocyte Ratio (%) 2.22 + 0.97 15.99 + 10.77 25.19 £ 30.68
Random Blood Sugar (mg/dL) 105.43 £ 23.22 139.08 + 7891 161.42 £ 105.54
Ureum (mg/dL) 17.94 + 5.40 122.71 £ 70.72 108.68 + 89.51
Creatinine (mg/dL) 0.78 £ 0.10 293 + 1.68 241 £232
SGOT (U/L) 2326 * 13.39 215.27 + 434.38 95.00 + 185.49
SGPT (U/L) 24.08 * 23.36 149.91 + 323.38 95.94 + 408.79
Total bilirubin (mg/dL) 0.19 £ 0.06 2.07 £ 5.11 1.93 £ 4.26
Albumin (mg/dL) 427 £ 041 2.90 + 0.56 2.50 + 0.63
Natrium (mmol/L) 138.0 + 8.32 13691 + 827 134.88 + 8.56
Potassium (mmol/L) 4.09 £ 0.37 4.66 £ 0.99 423 = .11
Chloride (mmol/L) 102.56 * 5.58 106.95 + 9.65 102.15 + 9.54

Note: *Characteristics are shown in mean * SD, unless otherwise noted.

Diagnostic Performance for Predicting AKI Patients

This study employed machine learning algorithms, namely Support Vector Machine (SVM) and Naive Bayes, to evaluate
their effectiveness in predicting acute kidney injury (AKI). The performance of each model was assessed based on its
sensitivity, specificity, negative predictive value (NPV), and positive predictive value (PPV).

The SVM model exhibited a sensitivity of 50%, indicating its ability to correctly identify 50% of actual AKI cases.
On the other hand, its specificity was 94.4%, implying that it accurately ruled out 94.4% of non-AKI cases. The NPV and
PPV of the SVM model were 71.4% and 87.5%, respectively. These values suggest that the model was more effective in
identifying true negatives (non-AKI cases) than true positives (AKI cases).
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Table 2 List of Common Biomarkers Used in This
Study

Hemoglobin (g/dL)

Hematocrit (%)

MCHC (g/dL)

Red Cell Distribution Width (fL)

Leukocyte (%10°/mm?)

Thrombocyte (x103/mm?)

Platelet Distribution Width (fL)

Absolute neutrophil (x10/uL)

Absolute lymphocyte (x10%/uL)

Neutrophil-to-Lymphocyte Ratio (%)

Random Blood Sugar (mg/dL)

Urea (mg/dL)

Creatinine (mg/dL)

SGOT (U/L)

SGPT (U/L)

Total bilirubin (mg/dL)

Albumin (mg/dL)

Natrium (mmol/L)

Potassium (mmol/L)

Chloride (mmol/L)

Table 3 Renal-Associated Biomarkers Result

Normal Sepsis with Acute Sepsis with No Acute | p-value
(n=23) Kidney Injury (n=48) | Kidney Injury (n =59)

Beta-2 Microglobulin (pg/mL) 1.64 + 0.24 7.83 + 3.55 7.27 £ 3.95 0.000%*
Cystatin C (mg/dL) 0.83 £ 0.6l 094 £ I.16 0.66 + 0.50 0.080
NGAL (ng/mL) 53.82 + 20.87 109.87 + 145.50 70.98 + 44.11 0.034*

Notes: Characteristics are shown in mean + SD unless otherwise noted. *Denotes significance.
Abbreviation: NGAL, Neutrophil Gelatinase-Associated Lipocalin.

The Naive Bayes model demonstrated a sensitivity of 83.3%, outperforming the SVM model in correctly
detecting AKI cases. Its specificity, however, was slightly lower at 77.8%. The NPV and PPV of the Naive Bayes
model were 87.5% and 71.4%, respectively. The diagnostic test parameters of both SVM and Naive Bayes are
shown in Table 5.
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Table 4 Sensitivity, Specificity, PPV, and NPV of Each Parameter Using ROC Curve-Based

Cut-off
Cut Off | Sensitivity | Specificity | PPV NPV
Beta-2 Microglobulin (pg/mL) | 7.540 60.40% 73.20% 56.86% | 75.95%
Cystatin C (mg/dL) 0.531 54.20% 51.20% 39.39% | 65.63%
NGAL (ng/mL) 60.706 66.70% 59.80% 49.23% | 75.38%

Table 5 Diagnostic Test Parameters for the Machine-Learning Parameters of Acute Kidney Injury

AUC | Sensitivity | Specificity | Negative Predictive | Positive Predictive
Value Value
Support Vector Machine (SVM) | 0.794 50% 94.4% 71.4% 87.5%
Naive Bayes 0.743 83.3% 77.8% 87.5% 71.4%
Discussion

Our study investigates the AUC, sensitivity, specificity, PPV, and NPV values of machine learning that combines the
predictive biomarker values of AKI in sepsis patients namely Cystatin C, Beta-2 Microglobulin, and NGAL, and
combined with several laboratory tests routinely examined in sepsis patients such as complete blood count (haemoglobin
level, total leukocyte count, neutrophil count, lymphocyte count, NLR, RDW, PDW, and platelet count), blood sugar,
urea, creatinine, SGOT, SGPT, bilirubin, serum electrolytes (sodium, potassium, chloride), and albumin. There is
evidence that the incidence of AKI is associated with outcomes in critically ill sepsis patients, so laboratory tests in
sepsis patients were also included in this machine learning."

In our study, the healthy participants had normal creatinine, whereas creatinine is increased and abnormal both in the
group of sepsis with no AKI but to a lesser extent than in the group of sepsis with AKI. Sepsis can increase creatinine
through inflammatory effects on renal microvasculature; therefore, increased creatinine is not necessarily caused by AKL'

One hundred thirty samples were analysed in our study by machine learning. The parameters used to obtain the
biomarker panel are 23 laboratory examination parameters. This study used biomarkers such as NGAL, Cystatin C, and
Beta-2 Microglobulin, which can be used to diagnose AKI patients.” The levels of the biomarkers and some of the
routine laboratory parameters are time-related. Because of this, the participant’s samples were taken when the diagnosis
of sepsis was made to mitigate the influence of sample collection time on the results of the biomarker examination.

To select an appropriate diagnostic test, it is recommended that the most specific test be used to confirm the positivity
of a test (ruling in) and the most sensitive test be used to establish that a disease is unlikely (ruling out). A highly
sensitive test will correctly identify most diseased individuals as positive, thus ruling out negative results. A highly
specific test will confirm the disease in those with positive results, thus ruling in disease with a positive test.'> In our
study, compared to the SVM model, Naive Bayes had a lower AUC, specificity, NPV, and PPV but a higher sensitivity,
making it more suitable for AKI rule-out modalities. The SVM model has a higher specificity, making it more suitable for
use as a rule-in AKI modality.

A study by Luo et al obtained an AUC of 0.76 (95% CI 0.73—0.78) with sensitivity and specificity of 63% and 76%,
respectively. The machine learning model in this study had a higher AUC and specificity but lower sensitivity, and the parameters
used were more diverse than in the previous study.'® That study also used a similar sample size to our study. A study conducted by
He et al obtained an AUC of 0.728, which is lower than the value obtained in our study. The study by He et al used sepsis patients
as subjects, while our study used a population of sepsis and non-sepsis patients with more parameters.'”

In another recent study on machine learning in AKI screening in sepsis, the AUC values predicted by the model 12—
48 hours before the onset of AKI were between 0.774-0.788 and 0.756-0.813, which were lower than the AUC in this
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study. However, this study used a larger sample of around 21 thousand samples, ie, it was more representative of the
sepsis patient population.'® In some of the above studies, the criteria for AKI patients were obtained from observations
for 12 to 48 hours, and retrospective data was used. In contrast, the AKI criteria were obtained in our study after
observing sepsis patients for seven days according to the KDIGO criteria."’

In our study, the AUC value with the SVM model was higher than other models in several studies regarding sepsis in
AKI, so the true positives and true negatives of using machine learning in this study are expected to be better. The SVM
model of machine learning had higher AUC and specificity but low sensitivity. The Naive Bayes model had better
sensitivity, which therefore can be used to predict AKI in sepsis patients.

In our study, the number of biomarker parameters used was more than in previous studies, so more accurate results
are expected to predict AKI. The parameters used in machine learning are commonly found in various clinical settings,
which means that the results of these parameters can be easily obtained, and the application of machine learning models
will not be limited to parameters that are difficult to detect.”®

In addition, many studies have conventionally examined one-parameter correlations to predict AKI in sepsis.
However, few have incorporated it into a single prediction model and successfully measured its ability to predict AKI
in sepsis patients.'® Machine learning has been widely applied to solve medical and clinical problems. For that reason, it
has become a popular research topic. It is expected to predict better the prognosis in sepsis patients, one of which is the

I21

incidence of AKIL.“" Even so, this study has a weakness, namely the number of samples used is less than in other studies.

Conclusion

Sepsis patients have high morbidity and mortality, and the risk is further increased by the occurrence of AKI (acute
kidney injury). Several low molecular weight proteins detected in the serum of AKI patients are thought to be early
biomarkers of AKI. These promising biomarkers include Cystatin C, Beta-2 Microglobulin (B2MG), and Neutrophil
Gelatinase-Associated Lipocalin (NGAL). This study’s SVM model of machine learning has higher AUC and specificity

but low sensitivity. The Naive Bayes model has better sensitivity, so it has the potential to be used to predict AKI in
sepsis patients.
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