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Diagnosing primary immunodeficiencies (Pl Ds) remains acomplex challenge for European GPsand specialists,
often involving aprotracted, stepwise approach based on current guidelinesfrom the Jeffrey Modell Foundation
and ESID. The variable and overlapping phenotypes of PIDs frequently delay the identification of underlying
genetic defects. A new machine learning tool, IDDA2.1, aims to accel erate this process by analyzing patient
phenotype datato predict PID diagnoses with reported sensitivity of 85% and specificity of 92%.

The Pivot: Machine learning tools like IDDA2.1 are emerging to analyze patient phenotype data, aiming
to expedite PID diagnosis beyond traditional stepwise guidelines.

The Data: IDDA2.1 demonstrated a sensitivity of 85% and specificity of 92% in correctly identifying the
underlying genetic defect in a retrospective cohort.

The Action: Clinicians should view IDDA2.1 as a supplementary aid to thorough clinical evaluation,
acknowledging its current limitations as a retrospective study on a small cohort, and not a replacement
for clinical judgment.

Current Guidelineson PID Diagnosis
Current diagnostic algorithms for primary immunodeficiency, as outlined by the Jeffrey Modell Foundation and

the European Society for Immunodeficiencies (ESID), emphasize a stepwise approach. Thistypically starts with
recognizing clinical warning signs (recurrent infections, unusual infections, family history) and then progressesto basic
immunological testing (quantitative immunoglobulins, lymphocyte subsets, vaccine responses). Genetic testing is often
reserved for cases with strong clinical suspicion or abnormal screening tests.

These guidelines, while comprehensive, can be slow and resource-intensive. Many PIDs present with overlapping and
variable phenotypes, making it difficult to pinpoint the underlying genetic defect based on clinical presentation alone.
Thisis where machine learning tools like IDDA2.1 aim to improve efficiency.

The IDDA2.1 Approach
ThelIDDA (Immune Deficiency DiagnosisAssistant) 2.1 uses amachinelearning algorithm to analyze patient phenotype

data and predict the likelihood of different PID diagnoses.1 It builds upon previous versions by incorporating a broader
range of clinical and laboratory features. Specifically, it takes as input a standardized set of clinical manifestations (e.g.,
specific types of infections, autoimmune features, malignancy) and basic immunological parameters (e.g., lymphocyte
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counts, immunoglobulin levels). The agorithm then cal cul ates a probability score for each potential PID diagnosisinits
database.

The real value proposition hereis speed and prioritization. If IDDA2.1 can accurately narrow down the list of potential
diagnoses, it could help clinicians order the most relevant genetic tests earlier in the diagnostic process, saving time and
reducing the financia burden on patients.

Study Results
The study evaluating IDDA2.1 involved a retrospective analysis of data from a cohort of patients with confirmed PID

diagnoses. The tool demonstrated a high degree of accuracy in classifying patients into their respective PID subtypes.
Details matter. The authors reported a sensitivity of 85% and specificity of 92% for correctly identifying the underlying
genetic defect. These numbers sound impressive, but let's look closer.

Furthermore, the study assessed the impact of IDDA2.1 on diagnostic delay. The analysis suggested that using the
tool could potentially reduce the time to diagnosis by several months in some cases. Again, the devil isin the details;
specificaly, in the study design.

Limitations of the Study
Here's the catch: the study has several limitations that temper enthusiasm. First, it was aretrospective analysis, meaning

that the data was collected and analyzed after the diagnoses were already known. This introduces the potential for bias,
as clinicians may have unconsciously provided data that confirmed their pre-existing suspicions. Secondly, the study
cohort was relatively small and may not be representative of the broader PID population. Thisisacritical point. The
performance of machine learning algorithms can vary significantly depending on the training data.

Third, the study only assessed the accuracy of IDDA2.1 in aresearch setting. It did not evaluate the tool's impact on
real-world clinical outcomes, such as patient quality of life or healthcare costs. Finally, the algorithm relies on the
accuracy and completeness of the input data. If clinical information is missing or inaccurate, the tool's performance will
be compromised.

Practical Implementation
So, how should clinicians approach thistool in practice? First, it's essential to understand that IDDA2.1isnot a

replacement for thorough clinical evaluation and expert immunological assessment. It's atool to aid in the diagnostic
process, not a substitute for clinical judgment. Second, clinicians should carefully consider the limitations of the tool,
particularly the potential for bias and the need for validation in larger, more diverse populations. Third, access to expert
immunological consultation is still paramount. Machine learning can help narrow the differential, but it cannot replace
the nuanced interpretation of complex immunological data.

The success of tools like IDDA2.1 depends on interoperability. Can the software integrate with existing electronic health
record (EHR) systems? If not, the extra data entry could create significant workflow bottlenecks. Finally, we must

ART-2025-2 - 09/26 2/4
https://thelifesciencefeed.com/immunology/primary-immunodeficiency-diseases/improving-pid-diagnosis-with-machine-learning-phenotype-profiling



LifeSci Feed IMMUNOLOGY/ PRIMARY IMMUNODEFICIENCY DISEASES
1Ire science rec 28 September 2026

consider the cost. Will insurance companies reimburse for the use of such tools? If not, it may create another barrier to
care for patients with limited resources.

CLINICAL IMPLICATIONS
The most striking consequence of tools like IDDA2.1 is the potential for a paradigm shift in early PID
diagnosis. If validated in real-world settings, these machine learning algorithms could significantly reduce the
diagnostic odyssey for patients, moving beyond the current stepwise approach championed by the Jeffrey
Modell Foundation and ESID. This acceleration means earlier interventions, potentially mitigating the severe,
often irreversible, damage caused by delayed diagnosis in conditions like severe combined immunodeficiency
(SCID) or common variable immunodeficiency (CVID).

For clinicians, IDDA2.1 represents a powerful adjunct, not a replacement for clinical acumen. It offers a
data-driven prioritization of genetic testing, helping to navigate the complex and overlapping phenotypes

of PIDs. However, the current evidence is thin. The retrospective nature and small cohort size of the study
mean we must proceed with caution. We need robust, prospective, and larger-scale validation studies to truly
understand its impact on patient outcomes and healthcare costs.

Industry must recognize the need for rigorous, independent validation. The promise of Al in medicine is
immense, but its integration requires transparency and a commitment to real-world efficacy. Patients stand
to gain the most from accurate and timely diagnoses, but only if these tools are proven safe and effective in
diverse populations. Without this, the risk of misdiagnosis or over-reliance on unproven technology remains a
significant concern.

Ultimately, the successful implementation of tools like IDDA2.1 hinges on careful integration into existing
diagnostic pathways, supported by strong evidence and continued clinical oversight. It is a promising step, but
one that demands critical evaluation before widespread adoption.

EDITORIAL & Al STANDARDS
Al tools are used solely to structure and summarise evidence from peer-reviewed primary sources. No Al-generated conclusions appear in The
Life Science Feed without editor verification against the primary source.

REFERENCES
1. 1. Schwitzkowski M, Veeranki SPK, Seidel BN, et al. Machine learning-assisted diagnosis classification of primary immune dysregulation
using IDDA2.1 phenotype profiling. J Allergy Clin Immunol. 2026;157(2):470-485. doi:10.1016/j.jaci.2025.10.022

LICENCE & RIGHTS
© 2026 The Life Science Feed. All rights reserved. This content is produced for medical education purposes. It may not be reproduced,
distributed, or transmitted without prior written permission from The Life Science Feed.

ART-2025-2 - 09/26 3/4
https://thelifesciencefeed.com/immunology/primary-immunodeficiency-diseases/improving-pid-diagnosis-with-machine-learning-phenotype-profiling



Life Sci Feed IMMUNOLOGY/ PRIMARY IMMUNODEFICIENCY DISEASES
e science ree 28 September 2026

MEDICAL DISCLAIMER

This content is intended for healthcare professionals only and does not constitute medical advice. Clinical decisions must be made by qualified
practitioners based on individual patient circumstances.
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