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BACKGROUND. Tuberculosis (TB) remains one of the greatest global threats to public health. The referral of a patient
with suspected TB, particularly in the presence of HIV co-infection, is a multi-stage process requiring coordinated
collaboration between the general practitioner, the TB specialist and the infectious diseases specialist; the fragmented
exchange of clinical information between them increases the risk of diagnostic errors and delays the start of specific
treatment.

OBJECTIVE. To develop and clinically validate a multi-agent artificial intelligence (Al) information system to support
patient referral and decision-making for TB patients, based on approved medical protocols.

MATERIALS AND METHODS. The ‘MedCouncil Al’ system was developed based on five specialised Al agents (general
practitioner, TB specialist, infectious diseases specialist, medical coordinator, medical analyst), integrated with
a retrieval-augmented generation (RAG) subsystem, which is based on protocols from the Ministry of Health of Ukraine
and World Health Organization recommendations. Validation was carried out on 50 synthetic clinical cases (including
TB/HIV co-infection and multidrug-resistant TB) using eight large language models, evaluated using the ROUGE-L and
BERTScore metrics in both RAG-enabled and RAG-disabled modes.

RESULTS. The integration of RAG improved the BERTScore for all tested models; the most pronounced effect was
observed for compact local models (Qwen3:4b: from 0.619 to 0.818; Josiefied 8b: from 0.500 to 0.812), accompanied
by a reduction in the risk of clinically dangerous ‘hallucinations’ from a critical to a minimal level. The Gemini 3 Flash
model with RAG (BERTScore = 0.805) demonstrated the optimal balance between accuracy, response generation speed
(3-4 s) and cost.

CONCLUSIONS. A multi-agent system based on RAG increases the reliability of automatically generated medical
conclusions in the management of TB patients and, provided a data de-identification module is used, can serve as an
auxiliary tool (‘second opinion’) to support patient routing in the context of staff shortages within the TB service.

KEY WORDS: tuberculosis, artificial intelligence, large language models, clinical decision support system, multi-agent systems,
patient routing.

bararoareHTHa cMCTEeMa LWUITYYHOrO iHTeNIeKTY
ANA NiATPUMKM NPUHHATTA pilleHb NPU MapwipyTMsawii
Ta NiKyBaHHi XBOpUX Ha TY6epKynbo3
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OBMr'PYHTYBAHHA. Ty6epkynbo3 (Th) 3aNMWaeTbCs 0AHIEI 3 HAMBINbLWMX rN06aNbHUX 3arpo3 rPOMaACcbKOMY 340POB'H.
MapuwpyTu3aLis XxBoporo 3 nifo3pot Ha Tb, ocobnmBo 3a HAaSBHOCTI KoiHdekwii 3 BlJl, € 6aratoeTanHUM NpoLEecoM,
o noTpebye y3roaxeHoi B3aEMofii ciMeiHOro nikaps, dTusiatpa v iHbekuioHicTa; dparMeHToBaHiCTb 06MiHY K/iHiYHO
iHbOpPMaLi€E MK HUMU MiABULLYE PU3MK AiarHOCTUYHMX NOMUIIOK i 3aTPUMYE CTapT cneumdivHoi Tepanii.

META. Po3po6neHHs Ta kniHiyHa anpobauiga 6aratoareHTHOI iHGoOpMaUiiHOi cucTemMu wTyyHoro iHTenekTy (LUI) ang mig-
TPUMKM MapLIpyTM3aLii Ta NPUAHATTA pilleHb Yy XBOPUX Ha Th 3 0nopoto Ha 3aTBepAXEHiI MeAMYHI NPOTOKONM.
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MATEPIAJIN TA METOAMWN. Po3pobneHo cuctemy MedCouncil Al Ha ocHoBi m'aTu cneuianizoBaHux LUI-areHTiB (cimen-
HWU nikap, dTusiatp, iIHPEKLiOHICT, MeANYHUI KOOPAUHATOP, MEAUYHWUIA aHANITUK), IHTErpOBaHY 3 migcucTeMoto retrieval-
augmented generation (RAG), Lo cNMpaeTbca Ha NpoToKonn MiHicTepcTBa 0XOPOHM 340p0oB YKpaiHu Ta pekoMeHaaLii
BcecBiTHbOI opraHizauii oxopoHu 300poB’a. Anpobauito npoBefeHo Ha 50 CUHTETUYHUX KNIHIYHMX BUMNAAKaX (BKNHOYHO
3 KoiHdekuieto TB/BIJ1 i MynbTupesncTteHTHMM Th) i3 3aCTOCYyBaHHAM BOCbMU BENUKUX MOBHWUX MOLeNel, OLiHeHUX 3a
meTpukamm ROUGE-L i BERTScore y pexxumax 3 RAG i 6e3 Hboro.

PE3VJ/IbTATMU. InTerpauis RAG ninsuwysana BERTScore ans Bcix npoTecToBaHWX MoAenei; HalBUpaxXeHiWwmnii edekT
3a(ikcoBaHO A9 KOMMAKTHUX NoKanbHMX Modenen (Qwen3:4b:3 0,619 no 0,818; Josiefied 8b:3 0,500 no 0,812), wo cy-
NPOBOAXYBANOCSA 3HUXKEHHAM PU3UKY KNiHIYHO HeHEe3MeYHMX «rantoumHaLii» i3 KPUTUYHOTO 40 MiHIMANbHOTO PiBHS.
OnTuManbHe CNiBBiAHOLWEHHS TOYHOCTI, WBMAKOCTI reHepadlii Bianosiai (3-4 c) Ta BapToCTi NPOAEMOHCTPYBana MOAeNb
Gemini 3 Flash 3 RAG (BERTScore = 0,805).

BUCHOBKMW. baraTtoareHTHa cuctema 3 onopoto Ha RAG niaBuLLY€E LOCTOBIPHiICTb aBTOMATUUYHO 3reHepOBaHUX MeAUYHUX
BMCHOBKIB Npu BeLeHHi XxBopuX Ha Tb i, 32 yMOBM 3acTOCyBaHHA MOAYNS fenepCcoHidikaLii 4aHMX, MOXe BUKOPUCTOBYBA-
TUCA 9K OMOMIDKHWUIA IHCTPYMEHT («Apyra AyMKa») Ans NigTPMMKM MapLUpyTU3aLlii NaLieHTiB B yMOBax KaapoBoro aediumnty

bTU3iaTpUUHOT Cnyx6U.

KJ/TFOYO0BI CJZIOBA: TyOepkynbo3, WTYYHUI iHTENEKT, BENMKI MOBHI MoAeni, cucteMa NiATPUMKM NPUAHATTS KNiHIYHKUX pilleHb,

6araToareHTHi CMCTEMM, MApLLPYTU3aLLiS NALLIEHTIB.

Tuberculosis (TB) remains one of the greatest global
threats to public health: approximately 10.8 million new
cases are recorded worldwide each year [1]. Ukraine con-
sistently ranks among the countries with a high burden of
multidrug-resistant TB (MDR-TB), the treatment of which
requires an individualised selection of second-line drugs and
long-term monitoring of adverse reactions. The full-scale war
has significantly exacerbated the epidemiological situation:
around 2,000 healthcare facilities, including TB clinics, have
been damaged or destroyed, whilst the shortage of TB spe-
cialists in certain regions has reached 16-40 per cent [2, 3].

The referral pathway for a patient with suspected TB -
particularly where there is co-infection with HIV - is a multi-
stage process requiring coordinated collaboration between
the general practitioner, the TB specialist and the infectious
diseases specialist. In practice, the exchange of clinical in-
formation between these specialists is asynchronous and
fragmented (primarily via formal discharge summaries and
electronic referrals lacking full clinical context), which in-
creases the risk of diagnostic errors and delays the start of
specific treatment; every day of such a delay for a patient
who is shedding bacteria poses an additional risk of infecting
those around them.

Existing Clinical Decision Support Systems based on rigid
rules or classical machine learning are unable to adequately
process unstructured clinical text (complaints, medical history)
and cannot justify their own recommendations (the ‘black
box’ problem), which undermines doctors’ trust [4, 5]. The
emergence of Large Language Models (LLMs) has opened up
new possibilities for analysing free-form medical text and
generating clinically sound conclusions [6, 7]. At the same
time, the use of a single (monolithic) language model for
complex clinical scenarios (for example, the co-infection of TB
and HIV) carries the risk of generating factually inaccurate
recommendations (‘hallucinations’) and requires a solution
to the problem of medical data confidentiality when using
cloud services [8].

6 | 3-2026

Objective. To develop and clinically validate a multi-agent
artificial intelligence (Al) information system to support pa-
tient pathway management and decision-making for TB pa-
tients, capable of processing unstructured clinical data based
on approved medical protocols and ensuring the protection
of medical confidentiality.

Materials and methods

The ‘MedCouncil Al' information system has been devel-
oped, which simulates the work of a medical consultation
by means of sequential interaction between five specialised,
autonomous Al agents: ‘General Practitioner’ (initial assess-
ment of symptoms and referral), TB Specialist’ (assessment
of the likelihood of TB and MDR/XDR resistance profiles),
‘Infectious Diseases Specialist’ (differential diagnosis with
other infections, monitoring of HIV status and antiretroviral
therapy), ‘Chief Medical Coordinator’ (consolidation of specia-
lists’ conclusions in ‘Consultation’ or ‘Diagnosis’ mode) and the
background agent ‘Medical Analyst’ (automatic generation of
a dynamic clinical profile for the patient). A general diagram
of how the agents interact is shown in fig. 1.

To minimise the risk of generating factually unsubstan-
tiated recommendations, a retrieval-augmented genera-
tion (RAG) subsystem based on a vector database has been
integrated into the architecture; this database contains the
official protocols of the Ministry of Health of Ukraine and
World Health Organization (WHO) recommendations regar-
ding the diagnosis and treatment of TB and co-infections.
Before generating a response, specialist agents perform
a semantic search for relevant fragments of the protocols,
which are added to the generation context, thereby limiting
the response to the available evidence base.

The system was tested on a dataset of 50 synthetic clinical
cases (including TB/HIV co-infection and MDR-TB), genera-
ted on the basis of current clinical guidelines, as the use
of real, de-identified medical records is restricted by data
protection legislation. Eight LLMs across three architectural
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Patient: complaints,
anamnesis PDF analysis

Agent 1:

Family Doctor (triage, routing)

Agent 2:
Phthisiologist (TB, drug resistance)

Agent 3: Infectious Disease Specialist
(co-infections, HIV / antiretroviral therapy)

Knowledge Base (RAG)
(WHO/Guideline Protocols)

Agent 4:
Medical Coordinator
(consolidation of conclusions)

Agent 5:
Medical Analyst
(patient background
profile)

Medical Conclusion:
consultation/diagnosis

Fig. 1. Diagram of the interaction between Al agents in the ‘MedCouncil A’ decision support system

categories were tested: flagship cloud-based models (Gemini
3.1 Pro, GPT-40, Claude 3.5 Sonnet), cloud-based open mo-
dels (Llama 3.1 70B, Mixtral 8x7B), an optimised cloud model
(Gemini 3 Flash) and on-premises models for deployment
on healthcare facility servers (Qwen3:4b, Josiefied 8b). Each
model was evaluated in two modes - with and without the
RAG subsystem.

The quality of the generated medical conclusions was
compared with the responses of an expert doctor (reference
text) using two complementary natural language processing
metrics: ROUGE-L, which assesses the match of key lexical
units (in particular, drug names and dosages) whilst taking
word order into account, and BERTScore, which assesses the
deep semantic correspondence of the text regardless of its
literal form (resilient to synonymy, for example ‘fever’ and
‘elevated temperature’). In addition, we qualitatively assessed
the risk of clinically dangerous ‘hallucinations’, the response
generation speed (latency) and the approximate cost of using
the model.

To comply with medical data confidentiality requirements
(in line with GDPR/HIPAA), a local de-identification module

has been developed: the patient’s personal identifiers (sur-
name, first name, patronymic, date of birth, address) are
processed and stored exclusively within the facility’s secure
network, whilst only de-identified clinical descriptions (age,
gender, symptoms, test results) are transmitted to the cloud-
based model.

Results and discussion

The Gemini 3.1 Pro model, combined with RAG, demon-
strated the highest clinical accuracy of the generated conclu-
sions (BERTScore F1 = 0.835), which corresponds to a level
acceptable for considering the system as a ‘second opinion’tool.
However, the most telling result was that the integration of
RAG had the most significant impact on compact local models,
which can be deployed directly on a healthcare facility’s servers
without transferring data to external networks. For example,
for the Qwen3:4b model, the BERTScore increased from 0.619
(without RAG, which corresponded to a critical risk of ‘halluci-
nations, in particular the generation of non-existent treatment
regimens) to 0.818 (with RAG, minimal risk); for the Josiefied 8b
model - from 0.500 to 0.812 respectively (table, fig. 2).

Table. Accuracy of medical conclusions from the Al models studied (N=50)

ROUGE-L (F1) without/with RAG

Gemini 3.1 Pro 0.645/0.775
GPT-40 0.630/0.770
Claude 3.5 Sonnet 0.625/0.765
Gemini 3 Flash 0.610/0.760
Llama 3.1 70B 0.500/0.690
Mixtral 8x7B 0.490/0.680
Qwen3:4b 0.450/0.700
Josiefied 8b 0.400/0.650
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BERTScore (F1) without/with RAG

Risk of critical hallucinations

0.765/0.835 Moderate — None
0.755/0.825 Moderate — None
0.745/0.815 Moderate — None
0.730/0.805 Moderate — Minimal
0.680/0.760 High — Low
0.650/0.740 High — Low
0.619/0.818 Critical - Minimal
0.500/0.812 Critical — Minimal
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Impact of the RAG Subsystem on the Semantic Accuracy of Medical Conclusions Generated by Models
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Fig. 2. The impact of the RAG subsystem on the semantic accuracy (BERTScore) of medical conclusions generated by the models

under investigation

A similar, albeit less pronounced, trend was observed for
cloud-based models: adding RAG increased the BERTScore by
between 0.07 and 0.08 points for all tested LLMs, whilst the
risk of clinically dangerous hallucinations decreased from
‘medium/high’ to ‘none/minimal’ for virtually all models.

Based on a combination of accuracy metrics, response gene-
ration speed (3-4 s versus 8-10 s for heavy cloud-based models)
and cost of use, the optimised cloud-based Gemini 3 Flash
model combined with RAG (BERTScore = 0.805, ROUGE-L =
0.760), which, in terms of clinical accuracy, comes close to flag-
ship models, lagging behind by only a few percentage points.

The results confirm that aligning medical text generation
with the approved evidence base (protocols of the Ministry of
Health of Ukraine and WHO recommendations) is a key factor
in the safe use of language models in clinical practice, particu-
larly for compact models with a limited number of parameters.
This has practical significance for healthcare facilities with
limited technical resources: deploying a local model with
a RAG module allows an acceptable level of clinical accuracy
to be achieved without transferring confidential patient data
outside the facility’s secure perimeter.

The de-identification module developed - which replaces
the patient’s identifying data with an anonymised clinical
vector before the data is sent to the cloud-based model -
allows the benefits of optimised cloud solutions (speed, ac-
curacy) to be combined with compliance with medical confi-
dentiality requirements.

Practical testing of the system in a simulated consultation
setting has shown that the automatic background extraction

of clinically significant data (complaints, medical history, risk
factors, allergies) into a dynamic patient profile has the po-
tential to reduce the time a doctor spends re-summarising
information when referring a patient between stages (general
practitioner — TB specialist — infectious diseases specialist),
which directly addresses the issue of the ‘documentation
burden’, which is estimated to account for up to 45 per cent
of a doctor’s working time [9].

Conclusions

The developed multi-agent Al system, which simulates
the work of a medical consultation and relies on retrieval-
augmented generation technology to align with approved
clinical protocols, is capable of significantly improving the
reliability of automatically generated medical conclusions
in the management of TB patients, particularly in cases
of co-infection with HIV and MDR-TB. The integration of
the RAG subsystem reduces the risk of clinically dangerous
‘hallucinations’ by language models, especially compact
ones suitable for on-premises deployment without trans-
ferring personal data outside the healthcare facility. The
combination of an optimised language model with a local
de-identification module ensures an acceptable balance
between clinical accuracy, response speed and compliance
with confidentiality requirements, which provides grounds
for considering the developed approach as a supportive tool
('second opinion’) to support referral and decision-making
in TB cases, particularly in the context of staff shortages
within the TB service.
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