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Normal

Sepsis

Leukocytosis

SIRS

Anemia

Sickle cell

Acute lymphocytic leukemia
Septic Shock
Thrombocytopenia
Eritropenia

Chronic lymphocytic leukemia
Lymphoma

Thalassemia

Acute myeloid leukemia
Multiple myeloma
Hemoglobin SC disease
Hemolytic anemia
Leukopenia

Chronic myeloid leukemia
Myelofibrosis
Thrombocytosis
Myelodysplastic syndrome
Myeloproliferative syndrome
Polycythemia

Table 2:Model Performance of Al-ML from CBC sample data performed on HORIBA Hematology analyzer
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a density-based probability approach.
user-defined threshold classified as septic (Fig.1&2). Notably,
r specificity. Our model has demonstrated the abllity to predict

—ach test data point

RS, and Septic shock with an impressive sensitivity of 91% and specificity of

Control: 100 Normal patients

on CBC hematology parameters which also
outperforms the established benchmark FDA authorized AL/ML- Sepsis Immunoscore system(Table 3).

Furthermore, the model’s capability to differentiate between sepsis, SIRS, and septic shock will be discussed in detall.

or healthcare systems with rising incidence due to poor public awareness, delay Iin early detection and sulbsequent
mortality increases with every hour left untreated. The complexities of the definition of sepsis, as well as the lack of a reliable biomarker,
ED). The modern HORIBA Yumizen H series (Yumizen H2500/ Yumizen H1500)

iNg system, that can be cost-efficient to quickly support the

ALGORITHM OVERVIEW by *GeodAlsics : Generative Manifold Learning (GML)

Training Testing

1.Healthy Digital Twin Estimation 1.Healthy Digital Twin Estimation

Generate digital twins representing Construct the healthy digital twin for the new

the healthy physiological state for (test) subject.
each subject in the reference group

(both SEPSIS and non-SEPSIS).

2.2-Score Computation 2.Z-Score Computation

Compute the z-score for the test subject to

Calculate z-scores by comparing real |, antify deviations from healthy dynamics.
subject data to their corresponding
digital twins, capturing individual

deviations from the healthy baseline.

3.Dimensionality Reduction 3.Projection and Inference

Learn reduced latent spaces from z-

Project the z-score into the learned reduced

scores to highlight discriminative space to infer the likelihood of SEPSIS vs. non-

patterns between SEPSIS and non- SEPSIS.

SEPSIS groups.

KDE Densities & Test Data Projection
Threshold: 10

Blue density; non-sepsis patients of the base model

Red density: sepsis patients of the base model

Black dots: test patients classified as non-sepsis

Orange and Red dots: test patients with either moderate or high seventy sepsis

Figure 1& 2:Severity Scoring of Sepsis determined by density-based probability

Sepsis vs. Normal & Sepsis vs. Pathologies

Sepsis/SIRS/Shock versus Normal
Sensitivity Specificity

Sepsis/SIRS/Shock versus Pathologies

sensitivity

Specificity

0.94 0.94

U.92

0.89

Sepsis versus Normal
Sensitivity Specificity

Sepsis versus Pathologies
Specificity

Sensitivity

0.86 0.94

0.9

0.84

SIRS versus Normal
Sensitivity Specificity

SIRS versus Pathologies
Specificity

sensitivity

0.82 0.98

U.86

0.94

Yumizen H2500, Yumizen H1500 for Sepsis differentiations v/s normal & non-sepsis samples.

CONCLUSION

Al-ML driven modeling analysis using only Complete Blood Count data, have shown potentially to revolutionize sepsis detection, diagnosis, and

Sepsis vs. both Normal & pathological patients

Sepsis/SIRS/Shock versus non-sepsis | pye
Sensitivity Specificity
0.91 0.86 0.89

Sepsis versus non-sepsis
Sensitivity Specificity
0.90 0.86 0.88

SIRS versus non-sepsis
Sensitivity Specificity
0.84 0.90 0.87

Table 3:Current model performance v/s FDA authorized
Al/ML -Sepsis Immunoscore

treatment in critical care settings at very early stages. Al algorithms on Hematology analyzers can help identify patients at high risk of developing
sepsis, right from primary healthcare centers and doctor’s clinics to intervene earlier and prevent conditions progression.




