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Abstract. Evaluating automatic radiology report generation is chal-
lenging due to the strict requirement for clinical correctness. While spe-
cialized evaluation metrics have recently emerged, they are predomi-
nantly designed for English, limiting their direct application to other
languages without retraining or validating the corresponding models on
annotated datasets of su�cient size. In this paper, we introduce an adap-
tive framework for Russian-language chest X-ray reports evaluation un-
der limited annotated data. The proposed method combines three com-
plementary component scores: interpretable clinical consistency analysis,
text similarity via translation, and multimodal image-report alignment.
The framework automatically selects the optimal con�guration of compo-
nent metrics and estimates fusion weights using nested cross-validation.
We validate our approach against translated expert annotations derived
from the RadEvalX dataset. Our results show that clinically aligned met-
rics for non-English medical reports can be successfully built by adapting
and fusing pretrained textual and vision-language models. Finally, we an-
alyze the shortcomings of the proposed approach to provide suggestions
for future improvements.

Keywords: Radiology report evaluation · Evaluation metrics · Chest
X-ray · Clinical natural language processing · Vision-language models ·

Multilingual medical natural language processing.

1 Introduction

Automatic chest X-ray report generation is increasingly studied as a tool for
reducing routine workload and improving consistency in radiological documen-
tation [15]. However, progress in this area depends not only on better generation
models, but also on reliable evaluation. A generated report can be close to a ref-
erence report at the lexical level while changing a negation, omitting a �nding,
or placing an abnormality in the wrong anatomical region [16,20]. Such errors
are clinically relevant but may receive acceptable scores from general-purpose
natural language generation metrics.



2 V. Novikova et al.

For English radiology reports, a number of specialized evaluators have been
developed that move beyond surface text similarity [11,12,13,16,19,20,21,23].
These include metrics based on clinical labels and structured report graphs,
learned combinations of automatic scores, models that predict radiologist error
counts, and recent LLM-based evaluators. Although such methods have improved
agreement with expert assessment, they are not directly applicable to other lan-
guages. The development of a dedicated Russian evaluator is constrained by the
limited availability of expert-annotated radiology datasets. Consequently, adapt-
ing and combining existing evaluation methods o�ers a more practical approach
to constructing a metric for evaluating the quality of automatically generated
Russian radiology reports.

We address the following problem. Given a chest X-ray image, a reference
report, and a candidate report in Russian, the goal is to compute an automatic
score that aligns with expert annotation. We use existing components as candi-
date features, then select and weight them without requiring extensive training
data. The framework combines a Russian clinical component, translated English
report-comparison metrics, and image-text consistency scores. The component
choice and fusion weights are optimized inside a nested cross-validation proce-
dure.

The contributions of this work are as follows:

1. We construct a Russian-language evaluation setting for chest X-ray reports
by aligning translated RadEvalX report pairs with IU X-Ray images and
expert error counts.

2. We propose an adaptive framework that combines Russian clinical consis-
tency, translated reference-based textual metrics, and image-report align-
ment scores.

3. We evaluate the complete component-selection and fusion procedure with
nested cross-validation to reduce optimistic bias under limited annotation.

2 Related Work

Over the past several decades, a diverse array of metrics has emerged to evalu-
ate automatically generated text. Lexical and semantic text generation metrics
assess quality by measuring word or token similarity between candidate and
reference reports. Metrics like BLEU [17] and ROUGE [13] evaluate matching
n-gram sequences or longest common subsequences. METEOR [1] incorporates
word stemming and synonym matching. More recent embedding-based metrics
such as BERTScore [21] compare contextual token representations to calculate
similarity matrices. These approaches are computationally e�cient but remain
insensitive to critical medical modi�cations.

Specialized clinical metrics extract structured representations of medical con-
tent to incorporate domain knowledge. F1CheXbert represents reports as binary
pathology vectors using the CheXbert labeler [11,19]. F1RadGraph [12] extracts
clinical entities and relations as a graph, measuring overlap between candidate
and reference structures. RadCliQ [20] �ts a regression model over existing lexical
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and clinical metrics to predict error count. Similarly, CREPE [5] uses a biomed-
ical encoder and multiple regression heads to predict error frequencies across
categories like false positives, omissions, or incorrect locations. RaTEScore [23]
employs a specialized named entity recognition model and medical embeddings
to align entity pairs based on a type penalty matrix.

Generative language models allow interpretable evaluation. The GREEN
metric utilizes a language model to output structured error notations covering
omissions, mislocalizations, and severity errors, alongside a normalized clinical
score [16]. FineRadScore [10] frames evaluation through a minimum edit distance
paradigm where a language model identi�es string-level modi�cations, assigns
a severity level, and provides text feedback. GEMA-Score [22] utilizes a multi-
agent architecture where separate agents evaluate speci�c clinical dimensions,
completeness, and readability. These generative metrics o�er explanatory feed-
back but require substantial computational resources.

While the aforementioned evaluation frameworks are primarily optimized for
the English language, adapting automated metrics to the Russian medical do-
main is severely constrained by the scarcity of annotated clinical data. To over-
come this limitation, we introduce an adaptive approach to analyzing Russian
chest X-ray reports, which, to the best of our knowledge, is the �rst specialized
evaluation framework tailored to Russian radiology reports.

3 Dataset Construction

The experimental material was based on RadEvalX [4], a dataset designed to
study the agreement between automatic metrics and radiologist assessment in
chest X-ray report generation. RadEvalX contains 100 examples, each consist-
ing of a reference report, a candidate report generated by the M2Tr model [6],
and expert annotation of candidate-report errors with respect to the reference.
The reference reports originate from the IU X-Ray collection [7]. The annota-
tion covers eight error categories, including false and omitted �ndings, incorrect
location or severity, errors involving comparison with prior studies, and errors
involving uncertainty. Each error is additionally marked as clinically signi�cant
or clinically insigni�cant.

Since RadEvalX is originally in English, we constructed a Russian-language
evaluation set for the present study. Both reference and candidate reports were
translated into Russian using a large language model. To improve terminological
consistency, an English�Russian terminology table for chest imaging was com-
piled from authoritative thoracic imaging terminology sources and used in the
translation prompt [9,14]. Additionally, the study identi�ers provided in RadE-
valX were used to retrieve the corresponding chest X-ray images from IU X-Ray
and align each translated report pair with its image. An example of a translated
report is shown in Table 1.

The resulting dataset contained 100 aligned records consisting of: chest X-
ray image, Russian reference report, Russian candidate report, total number of
clinically signi�cant errors, and total number of clinically insigni�cant errors.
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Table 1. Example of an English radiology report and its Russian translation.

English (RadEvalX)

the heart size is within normal limits . trachea is midline . no pleural e�usions
or pneumothorax . cardiomediastinal contours are normal . there is focal con-
solidation in the posterior segment of the right lower lobe . no bony or soft
tissue abnormalities .

Russian (Translation)

Ñåðäöå íîðìàëüíûõ ðàçìåðîâ. Òðàõåÿ ïî ñðåäíåé ëèíèè. Ïëåâðàëüíîãî

âûïîòà è ïíåâìîòîðàêñà íåò. Êîíòóðû ñåðäöà è îòäåëîâ ñðåäîñòåíèÿ îáû÷-

íûå. Î÷àãîâàÿ êîíñîëèäàöèÿ â çàäíåì ñåãìåíòå íèæíåé äîëè ïðàâîãî ë¼ã-

êîãî. Êîñòíûå ñòðóêòóðû è ìÿãêèå òêàíè áåç ïàòîëîãè÷åñêèõ èçìåíåíèé.

The count of clinically signi�cant errors was used as the main target for �tting
and evaluating the proposed metric, while the total error count was retained for
supplementary analysis.

4 Adaptive Evaluation Framework

4.1 Framework Overview

The proposed framework is an end-to-end procedure for constructing and val-
idating an evaluator under limited expert annotation. The resulting evaluator
takes as input a candidate report, a reference report, and the corresponding chest
X-ray image. It consists of three complementary components: an interpretable
clinical component that identi�es errors in the candidate report, a text-only
component that compares the candidate and reference reports, and an image-
text component that compares the candidate report with the radiograph. The
�nal report-level score is obtained by combining the scores produced by these
three components. The construction of the evaluator, namely the selection of
the base components and the estimation of their fusion weights, is performed
on an annotated training set whose records contain a chest X-ray image, a Rus-
sian reference report, a Russian candidate report, and an expert assessment of
the candidate report. This selection-and-�tting procedure is validated without
reusing the same examples for model selection and �nal testing. The design is
motivated by the lack of Russian expert-annotated data: instead of training a
full evaluator from scratch or manually �xing one metric, the framework adapts
existing clinical, textual, and multimodal signals to the available supervision.

4.2 Candidate Components

The component pool is divided into three categories. Each possible con�guration
contains one reference-based Russian-language clinical component, one reference-
based textual component, and one image-text alignment component.
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The �rst component is a Russian clinical consistency score based on the
GREEN evaluation framework [16]. In the Russian setting, GREEN was imple-
mented using Qwen3.5-9B [18] without additional training on Russian medical
reports. This component compares the reference and candidate reports and pro-
duces an interpretable evaluation summary.

The second group consists of reference-based textual components. Because
many radiology-speci�c metrics are designed for English, Russian reports are
translated into English before applying these methods. Three translation back-
bones were considered: TranslateGemma-12B-IT [8], HY-MT1.5-7B [24], and
Qwen3.5-9B [18]. Since HY-MT1.5-7B and Qwen3.5-9B allow terminology usage,
variants with and without the terminology table were evaluated. The textual can-
didate scores included RadGraph, RadCliQ, RaTEScore, along with embedding-
based cosine similarity and BERTScore variants computed with radiology-speci�c
encoders such as CXR-BERT-specialized and BioViL-T [2,3]. For metrics in
which lower values indicate higher report quality, the reciprocal value was used.

The third group consists of image-text alignment components. These com-
ponents were included to account for whether the candidate report is consistent
with the corresponding chest X-ray image. One such signal was computed using
BioViL-T image and text representations using cosine similarity.

4.3 Adaptive Score Fusion

For each possible con�guration, the framework selects one Russian clinical com-
ponent, one textual component, and one image-text component. The correspond-
ing raw component values are written as fru, ftext, and fimg. Since di�erent com-
ponents have di�erent scales, each value is standardized on the training subset
of the current split:

z
(c)
j,i =

f
(c)
j,i − µj

σj
, j ∈ {ru, text, img}. (1)

Here, µj and σj are the mean and standard deviation of component j, respec-
tively, estimated from that subset.

Let zru, ztext, and zimg denote the resulting standardized component values.
The �nal quality score is de�ned as

S = wruzru + wtextztext + wimgzimg, (2)

where wru > 0, wtext ≥ 0, wimg > 0, and wru+wtext+wimg = 1. Standardization
parameters were always estimated on the corresponding training set and then
applied to the validation or test set in order to prevent data leakage.

The target variable is de�ned as the number of clinically signi�cant errors
in the candidate report relative to the reference report. Since a higher value of
S should indicate a better report whereas a higher target value indicates more
errors, the optimization criterion was

J(c, w) = −τ(S(c,w), y), (3)
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where τ is Kendall's rank correlation coe�cient, c is the component con�gura-
tion, w is the weight vector, and y is the expert error count. The weights were
selected by grid search over the constrained two-dimensional simplex with step
h:

Wh = {w | wru > 0, wtext ≥ 0, wimg > 0,

wru + wtext + wimg = 1,
wj

h
∈ {0, 1, 2, . . .}}.

(4)

4.4 Con�guration Selection under Limited Annotated Data

Because the same small dataset is used both to choose the evaluator and to
estimate its quality, the framework uses nested cross-validation as a part of the
selection procedure. In each outer cross-validation split, only the outer training
set is available for choosing the component con�guration and fusion weights.
Within that training set, an inner cross-validation loop evaluates every possible
con�guration. For each inner fold, standardization parameters are estimated on
the inner training subset, the fusion weights are selected from Wh on that subset
using the objective in Eq. (3), and the resulting score is evaluated on the inner
validation subset. The selected con�guration is

c∗ = argmax
c∈C

J inner(c), (5)

where J inner(c) is the mean inner-validation objective. After the con�guration
has been selected, standardization parameters and fusion weights are recomputed
on the complete outer training split, and the resulting evaluator is applied once
to the held-out outer test split. If the validation score is acceptable, the �nal
evaluator can be obtained by training it on the whole dataset, or by picking any
of the models from the outer cross-validation loop.

5 Experimental Evaluation

5.1 Implementation Details

The evaluation used all 100 report-image studies described in the dataset section.
The resulting component pool contained one �xed Russian clinical component,
35 textual scoring components, and 5 image-text scoring components. Textual
and image-text scores were matched by the translation model and terminology-
table setting, i.e. the values computed from di�erent English translations were
not mixed; this allows one to reuse the same translation result for both evaluation
branches during inference. This matching produced 35 possible con�gurations.
At each training stage, the procedure selected one con�guration of the form

(interpretable component, textual component, multimodal component)

and then optimized its fusion weights.
The nested procedure was conducted withKouter = 5 outer folds andKinner =

5 inner folds. The weight grid step was h = 0.05.
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5.2 End-to-End Framework Evaluation

The nested cross-validation results are summarized in Table 2. The mean value
of the objective function on the outer test folds was Jouter = 0.5927, with a
standard deviation of 0.1491 and a 95% con�dence interval of [0.4621, 0.7234].
Since J = −τ , this corresponds to an average Kendall correlation of τ = −0.5927
between the �nal quality score and the number of clinically signi�cant errors.
Thus, higher automatic scores were consistently associated with fewer expert-
annotated errors.

Table 2. Nested cross-validation performance and learned fusion weights.

Quantity Value

Outer-fold J = −τ values 0.5064, 0.4265, 0.7503, 0.5296, 0.7508
Mean Jouter 0.5927
Standard deviation 0.1491
95% con�dence interval [0.4621, 0.7234]
Mean weights wru = 0.11, wtext = 0.59, wimg = 0.30
Weight ranges wru ∈ [0.05, 0.15], wtext ∈ [0.45, 0.70], wimg ∈ [0.15, 0.50]

The learned weights show that the textual component was the dominant
source of information on average. Nevertheless, the image-text component also
received a substantial mean weight, con�rming the value of incorporating visual
consistency. The Russian clinical component received the smallest mean weight
(still often above the minimum acceptable level), but it was retained in the
selected solutions since it provides interpretability.

6 Discussion and Limitations

The results support the central design choice of the framework: in a low-resource
Russian setting, evaluation should be treated as a selection-and-fusion procedure
rather than as a single manually chosen metric. The nested cross-validation esti-
mate and Fig. 1 show a stable negative correlation between the framework scores
and the number of clinically signi�cant expert-annotated errors.

The individual component analysis also clari�es the roles of the three signal
families. Fig. 2, built on the whole dataset for each textual scoring component
independently, shows that embedding-based semantic metrics (BioViL-T and
CXR-BERT cosine similarity and BioViL-T-based BERTScore) were the most
reliable individual English-language signals. This is plausible for radiology re-
ports, where the same clinical �nding may be expressed using di�erent wording.
The comparatively weaker correlation value of RadGraph F1 suggests that ex-
act extraction and matching of entities and relations can become brittle after
translation and under small-sample conditions. The nonzero contribution of the
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Fig. 1. Final framework score versus the number of clinically signi�cant errors on the
union of the outer test folds. Higher framework scores correspond to fewer expert-
annotated errors.
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Fig. 2. Kendall correlation between textual component scores and inverse expert error
counts. The left panel uses clinically signi�cant errors, while the right panel uses all
errors. Columns correspond to translation and terminology con�gurations, the su�x
�+T� denotes the use of terminology in the prompt. The �nal column reports the mean
of the �rst 5 columns.



Adaptive Framework for Evaluating Radiology Reports 9

image-text component indicates that reference-based comparison alone is incom-
plete: a candidate report should also remain aligned with its X-ray image.

The Russian clinical component received the smallest average weight, but
this should not be interpreted as evidence that clinical reasoning is unimpor-
tant. In the present implementation, the component uses a general open lan-
guage model without Russian radiology �ne-tuning. Its main practical value is
therefore twofold: it contributes a scalar signal to the ensemble and can provide
interpretable descriptions of report discrepancies, which are useful for diagnosing
model failures.

Several limitations should be considered. First, the evaluation set contains
only 100 studies, so the con�dence interval is wide and high variance is ex-
pected. Second, the Russian reports were produced by automatic translation,
and the translated dataset has not yet been independently validated by physi-
cians. Translation artifacts may a�ect performance of all 3 components. Third,
most specialized components were originally developed for English radiology
reports, so their use in Russian depends on the quality of translation and termi-
nology preservation. Fourth, the framework was evaluated on RadEvalX-derived
examples with candidate reports generated by a speci�c model; additional val-
idation is required for other Russian corpora, reporting styles, and generation
systems. Fifth, the Russian clinical component relies on a general-domain LLM
without Russian radiology �ne-tuning, which may underestimate its true poten-
tial. Future work should �ne-tune on Russian chest X-ray reports. Finally, the
framework is intended for automatic evaluation and model comparison, not for
clinical decision making.

7 Conclusion

We presented an adaptive framework for evaluating Russian-language chest X-
ray reports under limited annotated data. The framework constructs an evalua-
tor by combining a Russian clinical �delity signal, translated reference-based tex-
tual metrics, and image-report alignment scores, then selecting the component
con�guration and fusion weights through a nested cross-validation procedure. On
100 aligned RadEvalX-based studies, the framework achieved an average Kendall
correlation of −0.5927 between the �nal quality score and clinically signi�cant
error counts.

The study demonstrates that clinically oriented evaluation for a non-English
radiology setting can be approached by adapting and fusing pretrained text and
vision-language models. Future work should focus on physician validation of the
translated Russian dataset, evaluation on larger Russian radiology benchmarks,
and adaptation to local reporting conventions.

Acknowledgements The study was conducted under the state assignment of
Lomonosov Moscow State University.
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