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LLMs stabilize Deauville scoring through 

longitudinal reasoning in lymphoma

 

Meixin Zhao1†, Mingyang Yu2†, Yuan Li3†, Han Li4, Xiaoyan Hou1, 

Annan Zhang1, Shijia Weng1, Meng Wang1, Na Guo1, Anhui Zhu1, 

Jingyu Liu5, Yiran Shu5, Ying Shao5, Yanbo Chen5, Minfu Yang4, 

Yaozong Gao5*, Dinggang Shen2,5,6*, Weifang Zhang1* 

 

As one of the most common cancers worldwide, lymphoma requires 

reliable tools to assess treatment response. The Deauville score (DS) 

is a widely used PET/CT-based standard for this purpose and plays 

a central role in clinical decision-making and research. In many 

regions, DS is embedded in clinical workflows and directly 

influences treatment adjustment. However, DS assessment remains 

reader-dependent, as it requires complex longitudinal 

interpretation of prior and current PET/CT findings, leading to 

limited interobserver agreement and challenges for large-scale 

application. Here, we introduce a large language model (LLM)-

based framework that leverages longitudinal PET/CT reports to 



perform structured, stepwise reasoning for automated Deauville 

scoring. In a multicentre dataset of 6,009 lymphoma cases from 

three hospitals, the model achieved 85.8% accuracy for six-class 

classification across internal and external cohorts, outperforming 

human readers and state-of-the-art baselines, with the greatest 

advantage observed in cases with low inter-reader agreement. These 

findings suggest that LLM-based approaches can provide a 

practical strategy for addressing complex imaging-derived clinical 

assessment tasks through structured semantic reasoning, enabling 

more standardized and scalable lymphoma response assessment. 
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1. Introduction 

The Deauville score (DS) [16] was developed for imaging-based response assessment 

on interim FDG PET in lymphoma and has since become a widely used criterion for 

treatment response assessment on FDG PET/CT, supporting therapeutic decision-

making in clinical practice [6, 17]. This five-point visual scale evaluates treatment 

response on PET/CT by comparing lesion radiotracer uptake with reference tissues 

(mediastinal blood pool and liver), focusing on residual lymphoma-related disease sites. 

In this system, scores of 1–3 are generally considered consistent with complete 

metabolic response, whereas scores of 4–5 indicate residual metabolically active 

disease. Category X denotes newly identified uptake patterns that are likely unrelated 

to lymphoma and thus cannot be directly accommodated within the standard scoring 

scale [18]. Although the criteria are conceptually simple, consistent Deauville scoring 

in real-world practice remains difficult. The detailed scoring definitions used in this 

study are provided in Supplementary Note 1. 



 

Figure 1: Overview of dataset construction, Deauville scoring workflow, model training, 

and evaluation. a, Dataset and cohort. A multicentre dataset comprising 6,009 paired 

PET/CT reports was collected from three medical centres. Each sample contained a 

prior report and a current report. b, Deauville scoring workflow. Paired reports were 

longitudinally structured at the lesion level using an LLM to support candidate lesion 

identification and main lesion selection, after which the Deauville score was determined 

by comparison with reference uptake. c, Model training. The model was trained with 

three tasks: Deauville scoring, candidate lesion identification, and main lesion selection, 

using supervised fine-tuning and reinforcement learning. d, Evaluation. Performance 

was evaluated using quantitative metrics, centre-wise comparisons, and clinical value 

analysis. 

 



Importantly, the main challenge is not numerical uptake comparison alone. In routine 

follow-up assessment, readers must first determine whether FDG-avid findings are 

likely lymphoma-related rather than physiological or treatment-related inflammatory 

uptake, then decide which residual or newly detected lesions should be included for 

scoring, and finally select the lesion that should determine the final score in the context 

of prior examinations. This combined process of uptake attribution, lesion inclusion, 

and representative-lesion selection is especially difficult in multifocal disease and is a 

major source of interobserver disagreement [1, 5, 21]. Dual reading can partially 

mitigate this variability, but it increases workload and does not fully standardize the 

reasoning process. 

Most prior studies on automated Deauville assessment have focused on image-based 

analysis [14]. These approaches typically depend on lesion segmentation, lesion 

registration across serial scans, lesion classification, and end-to-end score prediction 

from PET/CT volumes [4, 8–10, 22, 23]. However, such methods face several practical 

limitations in longitudinal lymphoma imaging: lesions may disappear, merge, shift, or 

newly emerge over time; physiological and inflammatory FDG uptake is common; and 

most published systems prioritize binary classification over multi-class scoring, despite 

the latter being more clinically interpretable and more informative for subsequent 

clinical decision making [25, 26]. As a result, existing methods have had limited ability 

to explicitly standardize the reasoning steps that drive disagreement in real-world 

Deauville scoring. 



 

Figure 2: Deauville scoring workflow. For each case, paired prior and current reports 

are first organized into lesion-level structured descriptions, including lesion description 

(inline), uptake value (e.g., SUVmax), temporal status (residual or newly developed), 

and lymphoma relevance (yes or no). Based on predefined scoring inclusion criteria, 

each lesion is evaluated for candidate lesion identification, indicating whether it should 

be considered for scoring. Among the eligible candidate lesions, the main lesion for 

final scoring is selected by comparing the highest-SUVmax residual lymphoma-related 

lesion with any eligible newly developed lesion. The Deauville score is then determined 

by comparing the uptake of the selected main lesion with reference regions 

(mediastinum and liver). 

 

To address this limitation, we reformulated Deauville scoring as a longitudinal 

reasoning task over paired follow-up PET/CT reports. This design is clinically 

motivated. In daily practice, follow-up interpretation is rarely performed from a single 

examination in isolation. Instead, clinicians compare the current study with previous 



reports and revisit raw images when needed. PET/CT reports are therefore not merely 

textual surrogates of the scans, but condensed, expert-validated summaries that already 

encode clinically relevant lesion-level information. When converted into structured 

representations, they provide a workflow-aligned substrate for modelling uptake 

attribution, lesion selection, and rule-based score assignment.  

Nevertheless, reliable report-based Deauville scoring remains challenging. Pretrained 

LLMs lack task-specific knowledge for multifocal lymphoma assessment, may make 

errors in numerical comparison with reference tissues, and can deviate from the ordered 

workflow required in clinical scoring. We therefore developed a structured, stepwise 

framework that decomposes the task into four sequential steps, as illustrated in Fig. 2: 

(1) lesion-level longitudinal structuring of paired follow-up reports, which organizes 

the two reports into aligned lesion-level representations; (2) candidate lesion 

identification, which screens all reported lesions and retains only those potentially 

eligible for Deauville scoring; (3) main lesion selection, which determines the lesion 

that should represent the patient for final scoring; and (4) final score reasoning, which 

assigns the Deauville score to the selected lesion under the Deauville criteria and 

outputs a structured result including both the score and its explanation. Detailed 

prompting protocol, reasoning steps, full prompt templates, and representative case 

examples spanning the original reports, structured inputs, and model-generated 

reasoning outputs are provided in Supplementary Notes 2–6. 

Using longitudinal PET/CT report pairs from three hospitals, we evaluated the 

framework in 2-class, 4-class and 6-class settings. The method achieved agreement 



comparable to expert interobserver agreement and consistently outperformed existing 

baselines. More importantly, its clinical value was most evident in the cases that are 

most difficult and disagreement-prone, supporting the role of LLM-based, workflow-

aligned reasoning as a practical strategy for stabilizing Deauville scoring in real-world 

lymphoma care. Representative examples of longitudinal PET/CT reports, structured 

inputs, and model-generated reasoning outputs are provided in the Supplementary 

Information (Supplementary Note 4-6). 

 

2 Results 

2.1 Study Design 

The overall study design is summarized in Fig. 1. We first constructed a multicentre 

cohort of 6,009 longitudinal 18F-FDG PET/CT report pairs from three hospitals, 

including Centre PUTH (Peking University Third Hospital; n=3,908), Centre PKUPH 

(Peking University People’s Hospital; n=1,813), and Centre BJCYH (Beijing Chao-

Yang Hospital; n=288). Each pair linked at least two consecutive whole-body PET/CT 

examinations from the same patient and was associated with a documented Deauville 

score. The three centres exhibited clear dataset-level differences (Fig. 3a, b), including 

differences in lesion burden and score distribution, thereby forming a realistic 

multicentre domain-shift setting for model development and evaluation. 

For model development and evaluation, we adopted a centre-aware split. Cases from 

Centres PUTH and PKUPH were used for training and internal testing, whereas Centre 



BJCYH was reserved exclusively for external evaluation. Specifically, 600 cases from 

Centre PUTH and 300 cases from Centre PKUPH were randomly sampled as the 

internal test set (n=900), and the remaining 4,821 cases were used for training. The 288 

cases from Centre BJCYH served as an independent external test cohort. This design 

enabled evaluation of both in-domain performance and cross-centre generalizability. 

Representative case examples, including the original PET/CT reports, structured inputs, 

and model-generated reasoning outputs, are provided in the Supplementary Information 

(Supplementary Notes 4–6). 

 

Figure 3: Cross-centre data heterogeneity and model performance in Deauville scoring. 

a, Empirical cumulative distribution functions of the number of recorded lesions per 

case in the three centres. PKUPH is shifted toward lower lesion counts, whereas PUTH 

and BJCYH show broader distributions with a larger proportion of cases containing 

multiple lesions. b, Radar plot of the relative composition of Deauville score categories 

across centres, showing centre-specific class distributions and confirming dataset-level 



heterogeneity in score prevalence. c, Comparison of recall and precision for candidate 

lesion identification indicated that the model’s score predictions were grounded in 

clinically relevant lesion evidence rather than in score estimation alone. d, Comparison 

of overall accuracy under 2-class, 4-class, and 6-class Deauville scoring settings. Our 

model shows the highest performance across all settings. 

 

Within this framework, we evaluated the proposed method from four aspects. First, we 

compared our method with representative public models under the same test setting to 

assess overall Deauville scoring performance and lesion-level evidence quality. Second, 

we examined robustness across both centres and Deauville score categories to 

determine whether model performance remained stable under institutional 

heterogeneity and class-dependent variation. Third, we performed ablation analysis on 

the pooled cohort to assess the contribution of candidate lesion identification, main 

lesion selection, supervised multi-task training, and reinforcement learning. Finally, we 

compared the scoring behaviour of our model with that of human readers and further 

evaluated model performance in difficult cases with low inter-observer agreement. 



 

Figure 4: Evaluation of robustness, ablation effects, and comparison with human 

readers. a, Violin plots of class-wise robustness, measured as the normalized absolute 

deviation of class-wise F1 from macro-F1 across the six Deauville score classes. b, 

Violin plots of cross-centre robustness, measured as the normalized absolute deviation 

of centre-specific accuracy from overall accuracy across PUTH, PKUPH, and BJCYH. 

c, Summary comparison of class-level and centre-level robustness, shown as the mean 

deviation from a and b, respectively, where lower values indicate greater robustness. d, 

Ablation study on the pooled cohort, showing progressive gains in 4-class and 6-class 

accuracy and F1. e, Agreement between physicians and our method, showing that 

model-reader agreement falls within the human-human range. f, Accuracy stratified by 

physician disagreement level, showing that our method is more accurate in difficult 

cases with greater inter-reader disagreement. 

 

2.2 Comparison with Public Large Language Models 



We first compared our method with representative public large language models under 

task-specific prompting, including explicit Deauville criteria and expert interpretive 

guidance. As shown in Fig. 3d, our method consistently outperformed all evaluated 

public models, reaching an overall 0.941 accuracy in binary-class scoring, 0.873 in 

four-class scoring and 0.858 in six-class, indicating a consistent performance advantage 

over all evaluated public models. However, comparison based on final score accuracy 

alone cannot fully reflect model capability, because evaluation using only the final score 

does not reveal whether the model truly identified the clinically relevant lesions for 

scoring or merely fit the statistical pattern of score labels. 

To further understand this performance gap, we compared lesion-level evidence quality 

across different models using lesion recall and lesion precision for candidate lesion 

identification from all lesions in the current reports. These metrics measured whether a 

model could correctly identify the lesions eligible for Deauville scoring, rather than 

relying only on the final score prediction. As shown in Fig. 3c, our method achieved 

both high lesion recall (0.9084) and high lesion precision (0.9089), outperforming all 

public baselines and placing it in the upper-right region of the comparison space. This 

suggests that the superior performance of our method arose not simply from predicting 

the final label, but from more accurate identification of clinically relevant lesion 

evidence for scoring. 

 

2.3 Robustness across centres and score categories 



To evaluate robustness, we compared our method with representative baselines from 

two complementary perspectives: robustness to cross-Centre heterogeneity and 

robustness across Deauville score categories. All models were evaluated on the same 

multi-centre test split. For centre-level robustness, we quantified the normalized 

absolute deviation of centre-specific accuracy from each model’s mean accuracy across 

PUTH, PKUPH, and BJCYH. For class-level robustness, we quantified the normalized 

absolute deviation of class-wise F1 from each model’s own macro-F1 across the six 

Deauville score classes. Lower deviation indicates that model performance remains 

closer to its overall level and is therefore more robust to centre shift or category-specific 

degradation. 

As shown in Fig. 3a, our method exhibited the most compact class-wise robustness 

distribution, indicating stronger robustness across Deauville score categories and less 

sensitivity to class-specific performance collapse. Public LLM baselines showed 

broader distributions, suggesting weaker robustness across score classes, whereas the 

RoBERTa-based [27] classifier displayed the largest spread overall. Similarly, Fig. 3b 

shows that our method had the tightest cross-centre robustness distribution, supporting 

stronger robustness under institutional variation. In contrast, public baselines showed 

weaker cross-centre robustness, and RoBERTa exhibited the greatest instability across 

centres. 

To summarize these two robustness experiments, we further computed the mean 

deviation for both centre-level and class-level distributions (Fig. 3c). Our method 

achieved the smallest deviation in both settings, demonstrating that its advantage was 



not limited to higher average performance, but also extended to more robust behavior 

across heterogeneous centres and uneven score categories. Together, these results 

indicate that our framework is robust not only to multi-centre distribution shift, but also 

to class-dependent degradation in Deauville scoring. 

 

2.4 Ablation Study 

We next performed an ablation study to examine the effectiveness of our training 

strategy (Fig. 4d). The baseline model was trained only on the Deauville scoring task 

(Score). We then progressively introduced two additional supervised tasks: candidate 

lesion identification (Identification) and main lesion selection (Main). In this 

formulation, supervised fine-tuning (SFT) jointly optimized all three tasks, 

corresponding to Score+Main+Identification. Finally, reinforcement learning was 

applied only to the Deauville scoring task, using the final score as the reward signal, 

yielding the full model denoted as SFT+RL. 

As shown in Fig. 4d, performance improved progressively from Score to Score+Main, 

Score+Identification, SFT, and finally SFT+RL, across both 4-class and 6-class settings. 

This trend indicates that the gain of our framework was not driven by a single 

component, but by the effectiveness of the overall multi-task training strategy. In 

particular, adding candidate lesion identification and main lesion selection both 

contributed clear improvements over the baseline scoring-only model, while joint SFT 

over the three tasks further strengthened performance. Reinforcement learning on the 



final score provided an additional improvement on top of SFT, leading to the strongest 

overall results. 

These findings are clinically meaningful. Deauville scoring depends not only on 

assigning the final score itself, but also on correctly identifying candidate lesions and 

selecting the lesion that should determine the final judgement. By explicitly introducing 

candidate lesion identification and main lesion selection into training, the model 

became better aligned with the actual clinical decision process. The additional gain 

from reinforcement learning suggests that optimizing the final scoring objective further 

improves consistency between the model’s intermediate decision process and its final 

Deauville score output. 

 

2.5 Performance in challenging cases with low inter-observer agreement 

Because limited inter-observer agreement is a major challenge in Deauville scoring, we 

further compared the scoring behavior of our model with that of human readers and 

examined model performance under different levels of human agreement. In this 

experiment, six doctors independently scored 100 cases. We first quantified pairwise 

agreement among all readers using Cohen’s kappa and summarized the results in a 

pairwise agreement matrix (Fig. 4e), where each cell represents the agreement between 

two readers and the comparisons between our model and individual doctors are shown 

alongside the human-human comparisons. 



As shown in Fig. 4e, human-human agreement was only moderate overall, confirming 

limited interobserver agreement in Deauville scoring even among experienced readers. 

Importantly, the agreement between our model and individual doctors consistently fell 

within the range of human agreement, indicating that the scoring pattern of our model 

was comparable to that of human readers rather than behaving as an outlier. In other 

words, the model produced human-like scoring behavior in terms of its consistency 

with individual readers. 

We next asked whether the model’s advantage became more evident in clinically 

difficult cases with low inter-observer agreement. For each case, we defined the 

agreement level according to the largest number of doctors assigning the same 

Deauville score (top-n) among the six readers. Cases were categorized as unanimous 

when all six doctors assigned the same score (top-n = 6, n = 50), as moderate-

disagreement when the largest voting group contained four or five doctors (top-n = 4 or 

5, n = 30), and as high-disagreement when no score received support from more than 

three doctors (top-n ≤ 3, n = 20). We then compared the accuracy of our model with 

human performance in each subset (Fig. 4f). 

When human agreement was high, our model performed similarly to human readers, 

with both our method and human majority voting achieving an accuracy of 0.95 in the 

unanimous subset. However, the advantage of our model became increasingly apparent 

as inter-observer agreement decreased. In the moderate-disagreement subset, our model 

achieved an accuracy of 0.86, compared with 0.64 for majority voting and a doctor-

level range of 0.37–0.70. In the high-disagreement subset, where clinical interpretation 



was most challenging, our model still achieved an accuracy of 0.65, whereas majority 

voting reached only 0.31 and individual doctor accuracy ranged from 0.10 to 0.45. 

These findings suggest that the value of our method lies not only in producing human-

like scoring behaviour, but also in providing more reliable decisions in cases where 

inter-observer agreement is weakest. 

 

3. Discussion 

This study demonstrates that an LLM-based structured, stepwise reasoning framework 

can reduce interpretive uncertainty in Deauville scoring by standardizing the sequence 

of decisions that clinicians actually make during follow-up assessment. Rather than 

treating Deauville scoring as a direct label prediction problem, the framework explicitly 

models lesion analysis, lesion selection, and final score reasoning. This design yielded 

not only strong overall accuracy but also better performance in cases with high inter-

reader disagreement, suggesting that the main clinical value of the approach lies in the 

very scenarios where conventional interpretation is most variable and resource-

intensive. 

The Deauville scale is a semi-quantitative system based on visual comparison and is 

not intended for definitive interpretation from a single examination alone. In real-world 

practice, a reader must decide whether observed FDG uptake likely reflects residual 

lymphoma or instead physiological, inflammatory, or treatment-related activity; 

determine which findings should be considered eligible for scoring; and identify the 

lesion that best represents overall disease status. These decisions are inherently 



longitudinal, because the meaning of a current abnormality often depends on its 

relationship to prior disease sites and prior treatment response. This helps explain why 

Deauville scoring, despite apparently simple criteria, remains subject to substantial 

reader variability [5, 7, 17, 21]. Reflecting this workflow, our framework uses clinical 

history, prior report findings and impressions, and current report findings as input, while 

deliberately excluding current impressions to avoid direct label leakage. This preserves 

the causal sequence of clinical interpretation and allows the score to be inferred from 

upstream evidence rather than copied from the contemporaneous report. In this sense, 

the model is better understood as a structured second-reader or standardization tool than 

as a black-box label generator. 

From a methodological perspective, our findings contribute to the broader discussion 

on the reproducibility of FDG-PET-based response assessment. Previous international 

benchmarking studies have shown that even quantitative PET metrics, such as total 

metabolic tumor volume (TMTV), can be affected by interpretive choices, including 

how diffuse splenic or bone marrow uptake is handled [1, 3, 18, 19, 24]. These 

observations highlight that reproducibility in PET response assessment depends not 

only on measurement standardization, but also on the consistency of upstream 

interpretive decisions. In this context, our framework provides a complementary 

approach by explicitly constraining lesion attribution, lesion inclusion, and main-lesion 

selection through longitudinal, rule-based reasoning. This may help reduce systematic 

variability in Deauville scoring, consistent with prior multicentre reports of only 

moderate inter-observer agreement [11, 19, 20]. 



 

Compared with automated approaches that depend on strict lesion matching or end-to-

end optimization from image input to final score, the present framework is more 

compatible with longitudinal lymphoma assessment. One-to-one lesion correspondence 

is often unstable, as lesions may resolve, merge, shift in position, or newly emerge over 

time, and these challenges are amplified across centres by variation in reporting style 

and local interpretive habits [10, 14]. By operating on structured lesion representations 

and explicit reasoning steps, our approach improves auditability, permits error 

localization to specific stages, and better aligns with how follow-up PET/CT is 

interpreted in routine nuclear medicine practice. Although developed here for Deauville 

scoring, the underlying principle may be extendable to other categories within the 

Lugano classification [6] and to PET-based response assessment in settings such as 

immunotherapy [2, 12, 13, 15]. 

The observation that model benefit increased as human disagreement increased is 

particularly important from a clinical deployment perspective. Straightforward cases 

rarely drive workload or management uncertainty; by contrast, equivocal cases often 

trigger dual reading, senior review, additional imaging, or delayed treatment decisions. 

A system that mainly improves performance in this subset could therefore serve as a 

triage aid, quality-control layer, or decision-support tool in multidisciplinary lymphoma 

care. 

Several limitations should be acknowledged. First, the present study validates primarily 

the reasoning stage of the overall pipeline and assumes reliable availability of high-



quality structured PET/CT report elements; automated generation of these structured 

descriptions from imaging data remains an essential component for full workflow 

integration. Second, because the system is report-based, its performance depends on the 

completeness and quality of the original report and it cannot replace direct image review 

when report descriptions are insufficient or potentially inaccurate. Third, we evaluated 

agreement with expert-derived labels rather than long-term clinical outcomes, so the 

prognostic value of model-derived scores remains unknown and requires prospective 

validation. Fourth, although the results in high-disagreement cases are encouraging, a 

prospective reader-assistance study is still needed to determine whether the system can 

reduce reporting time, improve inter-reader agreement, or change downstream 

management in routine practice. In summary, longitudinal semantic reasoning over 

paired PET/CT reports appears to be a clinically meaningful and scalable strategy for 

stabilizing Deauville scoring, and it provides a practical foundation for deployable 

PET/CT response-assessment tools that assist, rather than replace, expert lymphoma 

interpretation. 

 

4 Methods 

4.1 Ethics Statement 

This retrospective multicentre study was approved by the institutional review board of 

Peking University Third Hospital (IRB00006761-M20260170), with authorization for 

data use obtained from the participating hospitals. All PET/CT reports were fully de-

identified prior to analysis. Given the retrospective nature of the study and the use of 



anonymized textual data, the requirement for informed consent was waived in 

accordance with institutional and national guidelines. 

 

4.2 Dataset and annotation 

We conducted a retrospective multicentre study using longitudinal 18F-FDG PET/CT 

reports from lymphoma patients collected at three hospitals: Peking University Third 

Hospital (PUTH), Peking University People’s Hospital (PKUPH), and Beijing Chao-

Yang Hospital (BJCHY). As described above, after data cleaning and harmonization, 

6,009 report pairs were retained for analysis. To reduce inter-centre inconsistency, 

particularly in cases involving category X, lesions were rechecked under a unified 

scoring standard and incorrect labels were corrected where necessary. Cases from 

PUTH and PKUPH were used for model development and internal evaluation, whereas 

cases from BJCHY were reserved exclusively for external testing. 

To support structured longitudinal decision-making, the original reports were first 

converted into lesion-level structured representations. The Qwen3-235B-A22B large 

language model was used to process the clinical history, the current imaging findings, 

and the conclusion of the prior examination, while the conclusion of the current 

examination was deliberately excluded to prevent leakage of the reported Deauville 

score. As illustrated in Fig. 2, the model was prompted to integrate the clinical history, 

prior report conclusion, and current report findings, organize the current lesions into a 

structured format, and determine for each lesion its lymphoma relevance and whether 

it was residual or newly developed. The resulting structured table recorded lesion 



description, SUVmax, temporal status, and lymphoma relevance. Hepatic and 

mediastinal blood-pool uptake values were also extracted as reference signals for 

subsequent score calculation. This structured representation, together with the clinical 

history, was then used as the input to the Deauville scoring model. 

The output of the scoring model was designed to include not only a final Deauville 

score but also explicit intermediate decision steps. Because these intermediate 

annotations could not be manually established at scale, we generated initial drafts using 

a hindsight-guided reverse-reasoning prompting framework and then refined them 

through iterative physician–model review until a stable supervision standard was 

established. 

The final annotation framework was organized into three clinically motivated tasks: 

1) Candidate lesion identification: Based on lesion description, lymphoma relevance, 

temporal status (Residual / Newly detected), and scoring inclusion criteria, each lesion 

was assigned a candidate lesion identification result (Yes/No), which indicated whether 

the lesion should be included for Deauville scoring, together with a brief explanation. 

This step identified all lesions potentially eligible for subsequent Deauville scoring and 

enabled explicit supervision of lesion inclusion decisions. 

2) Main lesion selection: Based on the candidate lesion information and the Deauville 

scoring criteria, the model selected the main lesion from the residual and newly 

developed lesions and provided a brief explanation for the selection. This step reflected 

the clinical requirement that the final score should be determined by the lesion most 

representative of overall disease status. 



3) Score calculation: The selected main lesion was compared against the mediastinal 

blood-pool and liver background reference uptake according to the Deauville criteria. 

For example, when the main lesion SUVmax exceeded twice the liver background 

uptake, the case was assigned DS 5. This step produced the final case-level Deauville 

score together with an explicit explanation of the decision. 

The final structured output for each case therefore contained four components: the 

included lesion set used for scoring, the selected main lesion, the final Deauville score, 

and a textual explanation describing why the selected lesion led to that score under the 

reference comparison. This output format preserved the full decision path from lesion 

inclusion to final score assignment, thereby enabling supervision of both intermediate 

tasks and the final scoring outcome. 

This annotation strategy was designed to align supervision with the real-world 

workflow of lymphoma response assessment and to support an LLM-based structured 

decision framework, rather than a direct black-box classifier. 

 

4.3 Experimental Setup 

All experiments were conducted on a Linux-based server equipped with dual Intel Xeon 

CPUs and eight NVIDIA H20 GPUs, each with 144 GB of memory. Training was 

implemented using the open-source LLaMA-Factory framework. The supervised 

training stage (SFT) was initialized from Qwen3-4B and performed using LoRA fine-

tuning. LoRA adapters were applied to the attention and feed-forward projection layers 



(q_proj, k_proj, v_proj, o_proj, gate_proj, up_proj, and down_proj). The SFT model 

was trained with a maximum sequence length of 5,120 tokens, a per-device batch size 

of 1, gradient accumulation of 16 steps, a learning rate of 6 × 10−4, cosine learning-

rate scheduling, and 6 epochs of training. A warm-up ratio of 0.05 was used, with 100 

warm-up steps, and training was performed in bfloat16 precision. Validation was 

performed in a stepwise manner using a held-out split of 0.5% of the training data. 

Reinforcement learning was then performed using DAPO, initialized from the SFT 

model. The DAPO stage used a GRPO-style advantage estimator. The maximum 

prompt length and response length were set to 4,096 and 8,192 tokens, respectively. 

Training used a prompt batch size of 256, a mini-batch size of 32, and 16 sampled 

responses per prompt. The actor model was optimized with a learning rate of 5 × 10−6, 

weight decay of 0.1, gradient clipping of 1.0, and token-mean loss aggregation. Training 

was run for 10 epochs. During rollout, sequence-parallel training and tensor-parallel 

generation were used to support long-context optimization on multi-GPU hardware. 

The reward was computed from the final scoring outcome, so that reinforcement 

learning directly optimized the consistency between reasoning process and final 

Deauville score assignment. 

 

4.4 Supervised Fine-tuning 

We initialized our model from Qwen3-4B and first performed supervised fine-tuning 

(SFT) on structured instruction–response pairs derived from the annotated report 

representations. Each target response contained both the explicit stepwise reasoning 



process and the final Deauville score, so that supervision was applied not only to the 

output label but also to the intermediate reasoning process. In this way, the supervised 

stage was intended to teach the model domain-specific scoring knowledge, expert 

interpretive heuristics, and the structured reasoning trajectory required for Deauville 

assessment. Model parameters were optimized by minimizing the negative log-

likelihood of the target response: 

 ℒSFT(ߠ) = −∑ ∑ logߨఏ(ݕ௧(௜)|ݔ(௜), ௧(௜))|௬(೔)|௧=1ே௜=1>ݕ , (1) 

where x(i) denotes the structured input for case i, y(i) denotes the corresponding target 

response, and πθ is the autoregressive policy parameterized by θ. To enable parameter-

efficient adaptation, we adopted Low-Rank Adaptation (LoRA) for a subset of 

transformer weight matrices. For each adapted weight matrix, the pretrained parameter 

W0 was reparametrized as 

 W = W0 + ∆W, ∆W = BA, (2) 

where ܣ ∈ ℛ௥×ௗand ܤ ∈ ℛ௞×௥are the trainable low-rank matrices and r is the LoRA 

rank. The corresponding forward computation becomes 

 ℎ = ݔ0ܹ +
ఈ௥  (3) ,ݔܣܤ

where α is a scaling factor. This supervised stage guides the model to follow a clinically 

aligned stepwise reasoning process, including lesion analysis, main-lesion selection and 

final score determination, but it remains a token-level objective and therefore does not 

directly optimize the correctness of the final Deauville score. 

 



4.5 Reinforcement Learning with DAPO 

Starting from the SFT model, we further optimized the policy using Decoupled 

Clipping and Dynamic Sampling Policy Optimization (DAPO). The purpose of this 

stage was to move beyond token-level imitation and directly reinforce reasoning 

trajectories that lead to the correct final score. For each prompt, multiple candidate 

responses were sampled from the current policy and evaluated according to the 

correctness of the final Deauville score. Policy optimization was performed using the 

DAPO objective 

(ߠ)DAPOܬ  = ॱ[min (ݎ௜,௧(ߠ)ܣ ௜,௧, clip(ݎ௜,௧(ߠ), 1 − ߳low, 1 + ߳high)ܣ ௜,௧)], (4) 

where 

(ߠ)௜,௧ݎ  =
௜ݔ|௜,௧ݕ)ఏߨ , ,௜ݔ|௜,௧ݕ)ఏoldߨ(௜,<௧ݕ  (௜,<௧ݕ

(5) 

is the importance sampling ratio between the updated policy and the reference policy, 

and ܣ ௜,௧  denotes the group-normalized advantage estimated from multiple sampled 

candidates for the same prompt. Because Deauville scoring yields a discrete and 

directly verifiable final label, we used a rule-based scalar reward defined on the final 

predicted score: 

 ℛ(̂ݕ௜, (௜ݕ = {1,      if ̂ݕ௜ = ௜ݕ ,
0,    otherwise,

 (6) 

where ̂ݕ௜ is the predicted Deauville score extracted from the model output and ݕ௜  is 

the ground-truth label. This avoids the need for a learned reward model and directly 

optimizes outcome correctness. Compared with standard PPO/GRPO-style 

optimization, DAPO is better suited to long-form clinical reasoning because it uses 



decoupled clipping to preserve exploration and reduce entropy collapse, dynamic 

sampling to avoid ineffective zero-gradient groups, token-level policy-gradient 

aggregation to improve credit assignment over long reasoning traces, and overlong 

reward shaping to stabilize excessively long responses. In our setting, these properties 

are particularly important because the model must produce not only a correct score but 

also a coherent stepwise reasoning process that remains consistent with the final 

Deauville decision. 

 

Code availability 

The code and trained model weights are available at Hugging Face repository.  
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The PET/CT report data used in this study are not publicly available due to patient 

privacy and institutional restrictions but may be available from the corresponding 

authors upon reasonable request and with appropriate institutional approvals. 
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