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Abstract 

Automated metrics for natural language generation (NLG) often show weak or unstable alignment with expert 

judgment in domain-specific settings that require interpretability and tunability. Hence, this study designs and 

validates an interpretable composite metric that can be calibrated to expert consensus while being transparent. 

The researchers propose Comprehensive Quality Scoring (CQS), a hierarchical metric integrating contextual 

coherence and continuity (C3) with 5 interpretable linguistic factors, specifically relevance, readability, 

conciseness, structure, and information density, also introducing CLARION-G. This constrained calibrator learns 

a nonnegative simplex weight vector while preserving factor-level attribution. Evaluation uses 20 agriculture-

oriented farmer FAQ items with responses generated by a local LLaMA 3.1 (8B) model and scored by expert 

panels across Agriculture, Linguistics, and Information Technology using a rubric based on MetricEval. Expert 

ratings are z-scored per rater and aggregated into a consensus target, with reliability assessed via ICC(2,1). To 

prevent leakage under 𝑛=20, calibration is performed strictly within leave-one-out cross-validation (LOOCV) 

(train on 𝑛-1, freeze weights, score the held-out item), with uncertainty quantified via Fisher-z confidence 

intervals and bootstrap resampling (B=1000). CLARION-G maximizes a penalized correlation objective with 

fixed coefficients 𝜆1=0.01, 𝜆𝑏𝑎𝑙=0.005, and 𝜆𝑣𝑎𝑟=0.003, optimized using Differential Evolution 

(population=15, maxiter=50, tol=10−4, polish=True) with optional L-BFGS-B refinement (maxiter=300-500, 

ftol=10−6-10−8). In Agriculture, calibrated CQS achieves Pearson’s 𝑟=0.688 with 95% CI [0.353, 0.867], 

surpassing baselines (e.g., BERTScore, Prometheus, METEOR) with statistically significant dependent-

correlation gains. Learned top-level weights allocate 0.4 to C3 and 0.6 to linguistic quality, emphasizing relevance 

and information density. Bland-Altman analysis shows no fixed bias with limits of agreement ±0.1134, and 

runtime remains practical (≈1.254 ms/item), supporting CQS/CLARION-G as an interpretable and operationally 

lightweight framework for expert-aligned NLG evaluation in specialized domains. 

Keywords: Automated evaluation, Comprehensive Quality Scoring, Natural Language Generation, Domain-

specific calibration, Interpretability 

 

Introduction 

Automated natural language generation (NLG) raters often deviate from expert judgments in domain-specific 

settings  (Chung & Baker, 2003). Even expert annotators exhibit nontrivial inter-rater variability, and consensus 

typically outperforms individual assessments (Verduijn et al., 2008). Conventional metrics such as METEOR 

(Banerjee & Lavie, 2005), BLEU-4 (Papineni et al., 2002), ROUGE-L (Lin, 2004), and BERTScore (Zhang et 

al., 2020), together with fluency proxies such as Perplexity (O’Neill & Bollegala, 2020) and recent large-

language-model (LLM) judges such as Prometheus [8] and SemScore (Aynetdinov & Akbik, 2024), can show 

weak or unstable alignment with human judgments for specialized or creative outputs (Colombo et al., 2023). 

Moreover, because most automated metrics are neither domain-tunable nor interpretable, their utility is limited 
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when criterion weights matter (Schmidtova et al., 2025). LLM-based judges can also conflate evaluation aspects, 

motivating verification against expert consensus (Bavaresco et al., 2024; Hu et al., 2024).  

The researchers address this gap with an auditable, domain-tunable metric and calibrator. Comprehensive Quality 

Scoring (CQS) is introduced as a hierarchical composite that integrates contextual coherence and continuity (C3) 

with an interpretable LQRQS bundle comprising relevance, readability, conciseness, structure, and information 

density. CLARION-G learns nonnegative simplex weights under hierarchy constraints to maximize alignment 

with expert consensus, preserving factor-level attribution for transparent score decomposition.  

Given that each domain panel contains approximately 𝑛≈20 items, the study emphasizes leakage control and 

uncertainty reporting rather than scope. Hence, the evaluation uses leave-one-out cross-validation (LOOCV) with 

weights trained on 𝑛-1 items and held out for scoring, and quantifies uncertainty via Fisher-z confidence intervals 

(Cox, 2008) and bootstrap resampling (B=1000). Methods are compared using tests for dependent correlations 

with multiplicity control (Graham & Baldwin, 2014), while rater reliability is assessed using ICC(2,1) (Bartko, 

1966). In addition to Pearson’s r, rank concordance is summarized using Spearman’s ρ and Kendall’s τ-b (tie-

aware) to characterize ranking behavior in small samples. External validity across diverse datasets and domains, 

as well as human-in-the-loop evaluation outcomes, is deferred to future work to avoid confounding measurement 

validity with deployment impacts. 

Materials and Methods 

Dataset Source and Formatting 

The evaluation dataset was gathered in collaboration with agricultural specialists from Isabela State University 

and the Department of Agriculture, Regional Crop Protection Center (DA-RCPC 02), Philippines. It comprises 

20 agriculture-oriented farmer Frequently Asked Questions (FAQs) covering agronomic advisory topics (e.g., 

cultivation practices, nutrient management, and cassava pest/disease diagnostics), as presented in Tables 1a and 

1b. These 20 prompts form a fixed, domain-scoped benchmark designed to stress-test interpretability and domain-

aware calibration under realistic extension-style queries, rather than to claim broad cross-domain generalization. 

Table 1a Dataset samples 

  Query Response Generated 

1 When is the best time to 

plant cassava in the 

Philippines? 

The best time to plant cassava in the Philippines is during the wet season, 

typically from May to October, when soil moisture is adequate for optimal 

growth. 

2 What soil type is ideal for 

growing cassava? 

Well-drained fertile soil is ideal for growing cassava, with poor soils 

improvable through organic fertilizers like poultry manure if inorganic 

fertilizers are too expensive. 

3 How to extend shelf life of 

cassava planting materials? 

To extend shelf life of cassava planting materials, select healthy stems free 

of cankers and dieback tissues, or dip canker-bearing stems in fungicides 

recommended by extension agents. 

4 Can cassava grow in areas 

with prolonged drought? 

Yes, cassava can grow in areas with prolonged drought if drought-tolerant 

varieties are selected, especially in areas with less than 1000 mm of rainfall 

per year. 

5 What is the recommended 

depth for planting cassava 

cuttings? 

The recommended depth for planting cassava cuttings is with two-thirds of 

the cutting below the soil, if planted on ridges or mounds, near the centre 

of the ridge or mound. 
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For each prompt, a single candidate response was generated using a local large language model (LLaMA 3.1, 8B 

parameters) (Touvron et al., 2023). Before scoring, subject-matter experts reviewed items for domain relevance, 

linguistic fluency, internal consistency, and discourse coherence, ensuring the evaluated outputs were plausible 

advisory responses rather than nonsensical or low-quality generations. The same 20 prompt–response pairs were 

then independently rated by expert panels across Agriculture, Linguistics, and Information Technology, with 

scores anonymized before aggregation to reduce identity-related bias in analysis and reporting.  

Table 1b Dataset and annotation structure 

Element Specification 

Domain Agriculture-oriented advisory FAQs (cassava-centered agronomic topics) 

Prompts (n) 20 FAQs 

System outputs per prompt 1 generated response per FAQ 

Generator Local LLaMA 3.1 (8B) 

Screening SME review for topical relevance, fluency, consistency, coherence 

Rater panels Agriculture, Linguistics, IT  

Rubric basis MetricEval-derived rubric 

Consensus construction Per-rater z-score normalization → mean aggregation 

Missing ratings Mean over available raters (no imputation) 

Tool input schema CSV columns: Query, Text, Expert Score 

Expert ratings were based on a rubric based on the MetricEval framework (Xiao et al., 2023). To control for rater-

specific scoring bias, scores were z-standardized within each rater and then averaged to form the expert-consensus 

target for calibration and evaluation. For items with missing ratings, the ratings are averaged over available raters 

(pairwise-available mean) and avoided imputation due to small 𝑛, as illustrated in Figure 1.  

 

Figure 1 Dataset preparation and scoring workflow 

For reproducibility, the calibration tool parses a single CSV with a minimal field set: (Query, Text, ExpertScore). 

Query denotes the farmer FAQ prompt, Text the generated response, and ExpertScore the expert-consensus target 

used for calibration and reporting. This fixed schema supports consistent feature extraction, cross-validation, and 

auditable calibration outputs. 
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Implementation Details and Reproducibility 

All computations were executed in a version-specific Python environment to support reproducibility. The 

implementation provides an end-to-end pipeline for preprocessing, embedding extraction, baseline metric 

computation, CLARION-G optimization, and statistical reporting.  

Semantic similarity components in CQS (C3 and Relevance) are computed using SentenceTransformer 

embeddings. The implementation uses SentenceTransformer (all-MiniLM-L6-v2) for sentence/document 

embeddings. Inference runs on CUDA when available and uses FP16 on the GPU to reduce embedding latency. 

For baseline semantic scoring, the implementation loads bert-base-uncased (tokenizer and encoder) using the 

Hugging Face transformers stack. The embedding backbones are explicitly specified to support replicability; key 

dependencies and model backbones are summarized in Tables 2a and 2b. 

Table 2a  Key software dependencies 

Component Package (version) Role 

Embeddings sentence-transformers==5.0.0 
Sentence/document embeddings for C3 and 

Relevance 

Model runtime transformers==4.51.3 Tokenizers/models for baseline computations 

Deep learning torch==2.5.1+cu121 Inference backend; optional CUDA acceleration 

Scientific computing numpy==1.26.4 Vector operations and normalization 

Scientific computing scipy==1.15.3 Optimization and statistical routines 

ML utilities scikit-learn==1.7.0 Utility components used in analysis 

Data handling pandas==2.3.1 Input parsing and tabulation 

UI tool (analysis) streamlit==1.46.1 
Interactive analysis interface (non-essential to 

core scoring) 

Table 2b Model backbones used for embeddings and baseline semantic computations 

Module Backbone Usage 

CQS embeddings 
SentenceTransformer(all-

MiniLM-L6-v2) 
Model load call in implementation 

Baseline semantic scorer 
bert-base-uncased (tokenizer + 

encoder) 
AutoTokenizer/AutoModel usage 

CLARION-G optimization is implemented with SciPy routines. It applies Differential Evolution (DE) for global 

search and, if specified, refines solutions via L-BFGS-B, consistent with the calibration hyperparameter settings. 

Statistical computations, including correlation measures and agreement calculations, are implemented using 

standard SciPy/NumPy procedures. 

Comprehensive Quality Scoring (CQS) 

For each system output 𝑥, a 6-component vector is computed: 

                         𝑠(𝑥) = [𝐶3(𝑥), 𝑅(𝑥), 𝐷(𝑥), 𝐶(𝑥), 𝑆(𝑥), 𝐼(𝑥)]𝘛 ∈ [0,1]6                                               (1) 

where C3 is contextual coherence and continuity, and continuity quantifies semantic coherence using cosine 

similarity between consecutive sentences (Gunawan et al., 2018), Si and Si+1 are consecutive sentences, and 𝑛 is 

the total number of sentences is as follows: 

                             𝐶3 =
1

𝑛−1
∑  𝑛−1
𝑖=1 𝑐𝑜𝑠(𝑠𝑖, 𝑠𝑖+1)                                                                             (2) 

LQRQS comprises relevance 𝑅, readability 𝐷, conciseness 𝐶, structure 𝑆, and information density 𝐼 (Davoodijam 

& Alambardar Meybodi, 2024; Yang et al., 2022) using the following equations: 

Relevance: 
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                      𝑅 = cos⁡(𝜃) =
q⋅r

∥q∥∥r∥
                                                                                         (3) 

Relevance  (𝑅)⁡calculates the cosine similarity between the query embedding vector q and r, the result embedding 

vector (Oyama & Shimodaira, 2023).  

Readability: 

                            𝐷 =
1

1+𝑒(𝐴𝑆𝐿−20)
                                                                                          (4) 

ASL is the average sentence length, and this sigmoid function represents readability based on ASL (Vajjala & 

Meurers, 2016).  

Conciseness: 

                             𝐶 =
|unique words|

|total words|
                                                                                          (5) 

This component measures conciseness by calculating the ratio of unique words to the total number of words in 

the text (Susoy, 2023). 

Structure: 

                         𝑆 = 0.4𝐼 + 0.4𝐶 + 0.2𝑇                                                                                 (6) 

𝐼, 𝑇, and 𝐶 represent the presence of introductory sentences, transitions, and conclusions.  

Information Density: 

                               𝐼 =
|content words|

|total words|
                                                                                         (7) 

𝐼 calculates the density of content words (words that carry meaning, excluding common stop words) relative to 

the total word count (Kalinauskaitė, 2018); a higher density indicates that the text is information-rich, with less 

filler (Gao et al., 2024). 

The implementation computes sentence and document-level embeddings using transformer encoders and rescales 

the resulting scores to [0,1], where higher values indicate higher quality. With top-level weights 𝒲𝒞3,𝒲ℒ𝒬𝑅𝑄𝑆 

and component shares 𝑢 = [𝑢𝑅 , 𝑢𝐷 , 𝑢𝐶 , 𝑢𝑆, 𝑢𝐼]
⊤ in the simplex, the composite CQS is defined in (1). The 

CLARION-G objective in (9) maximizes 𝑟(𝜃) with small penalties; Fisher’s z appears only in CI construction. 

                𝐶𝑄𝑆(𝑥; θ) = 𝑤𝐶3𝐶3(𝑥) + 𝑤𝐿𝑄 ∑ 𝑢𝑗𝑠𝑗(𝑥)𝑗∈{𝑅,𝐷,𝐶,𝑆,𝐼}                                     (8) 

With 𝑤𝐶3, 𝑤𝐿𝑄𝑅𝑄𝑆 ≥ 0,𝑤𝐶3 + 𝑤𝐿𝑄𝑅𝑄𝑆 = 1, 𝑢𝑗 ≥ 0,⁡and∑ 𝑢𝑗𝑗 = 1. The implementation renormalizes 

(𝑤𝐶3, 𝑤𝐿𝑄𝑅𝑄𝑆) and 𝑢 after updates and clamps all component scores to [0,1]. 

Expert Consensus, Reliability, and Agreement Analysis 

Expert ratings are standardized within each rater by z-score normalization and averaged across raters to form the 

expert-consensus target 𝑦̅. Missing ratings are handled by computing the mean across available raters for each 

item, avoiding imputation assumptions that are not justified in small-sample expert panels.  

Inter-rater reliability is quantified using the two-way random-effects intraclass correlation coefficient, ICC(2,1), 

and internal consistency is additionally summarized using Cronbach’s α. Agreement between calibrated CQS 

scores and expert consensus is examined using Bland-Altman analysis, reporting mean bias and 95% limits of 

agreement (Giavarina, 2015). 

CLARION-G Calibration Objective and Hyperparameter Specification 

CLARION-G calibrates CQS by learning a nonnegative, simplex-constrained weight vector that preserves the 

hierarchical interpretability of the metric while maximizing alignment with expert consensus. Calibration is 

performed on training folds only by maximizing Pearson correlation between calibrated CQS scores and the 

expert-consensus target. Rank-based statistics (Spearman’s 𝜌 and Kendall’s 𝜏-b) are not included in the 

optimization and are reported solely for descriptive analysis. 
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The calibration objective is defined as: 

                          ℒ(𝜃) = 𝑟(𝜃) − 𝜆1 ∥ 𝜃 ∥1− 𝜆𝑏𝑎𝑙Δ𝑏𝑎𝑙(𝜃) − 𝜆𝑣𝑎𝑟𝑉𝑎𝑟(𝜃)                                    (9) 

Where 𝑟(𝜃) denotes the Pearson correlation between calibrated CQS scores and expert consensus on the training 

fold, ∥ 𝜃 ∥1 is the ℓ1 norm of the weight vector, Δ𝑏𝑎𝑙(𝜃) penalizes the imbalance between top-level CQS 

components, and 𝑉𝑎𝑟(𝜃) penalizes excessive variance in component weights. 

The penalty coefficients are fixed as 𝜆1 = 0.01, λbal=0.005, 𝜆var = 0.003. No ℓ2 regularization term is active in the 

primary optimization path. These coefficients are set small to regularize optimization without materially biasing 

the correlation objective. 

After each optimization update, feasibility is enforced by renormalizing the top-level weights such that 
𝑤𝐶3 + 𝑤𝐿𝑄𝑅𝑄𝑆 = 1, projecting the LQRQS share vector onto the simplex, and clamping all component scores to 

the [0,1] range. 

Optimization Configuration 

Optimization uses DE with optional L-BFGS-B refinement. Default DE settings are population size = 15, maxiter 

= 50, tol = 10⁻⁴, and polish = True. In refinement modes, L-BFGS-B runs with maxiter = 300–500 and ftol = 

10⁻⁶–10⁻⁸. After each update, it maintains the hierarchy constraint by renormalizing 𝑤𝐶3 + 𝑤𝐿𝑄𝑅𝑄𝑆 = 1. It then 

projects the LQRQS share vector 𝑢 onto the simplex. Early stopping keeps the iteration with the best training 

correlation. Random seeds and optimization traces are logged for reproducibility. 

Dataset Leakage Control and Training Protocol 

To prevent leakage under the small-panel setting (𝑛 = 20), evaluation is conducted via group-level LOOCV 

(prompt/document) (Kirschen et al., 2000; Meijer & Goeman, 2013) when grouping keys are present. Otherwise, 

it defaults to item-level LOOCV. On each fold, CLARION-G is trained on 𝑛 − 1 items, the learned weights are 

frozen, and the held-out item is scored. This process is repeated across all 𝑛 folds. Stability under small 𝑛 is 

supported by multiple random restarts and the global-local optimizer structure, with post-optimization constraint 

repair enforcing nonnegativity and simplex structure.  

Bias in correlation estimation is reduced by applying Olkin–Pratt bias correction (Karch, 2020). The overfitting 

gap is computed as the difference between the mean per-fold training correlation and the LOOCV correlation. 

For deployment, the calibrator is retrained on the full dataset to obtain a single set of deployment weights; fold 

weights are not averaged. Crucially, all preprocessing, embedding extraction, and weight learning are restricted 

to training folds, ensuring that held-out items contribute no information during training.  

Statistical analysis 

Pearson’s r, Spearman’s ρ, and Kendall’s τ-b (tie-aware) are reported. For r, 95% confidence intervals via Fisher’s 

z with back-transformation are provided. 

Pairwise comparisons that share the same gold standard use the Williams test for dependent correlations (primary) 

(Graham & Baldwin, 2014), with Hotelling–Steiger (Steiger, 1980) when appropriate. The Holm correction is 

applied for family-wise error across metrics and domains at 𝛼 = 0.05⁡(Aickin & Gensler, 1996). 

Including quantified (1) weight uncertainty by nonparametric bootstrap with 𝐵=1000 resamples and percentile 

intervals for (𝑤𝐶3,𝑤𝐿𝑄RQS,𝑢) and (2) the variability of held-out correlations (r, ρ, τ-b) with 𝐵=1000 resamples. 

Resampling is by group: drawing prompt/document groups with replacement and including all their items in each 

bootstrap replicate to avoid leakage. 

Interpretability and stability 

Fold-wise weights and summary stability are visualized using the coefficient of variation and the divergence 

between fold distributions. Component ablations remove one LQRQS component at a time and re-score the same 

held-out items to report Δ𝑟. Disagreement cases are analyzed when automated raters diverge from experts, but 

calibrated CQS aligns, and representative items are shown with per-method residuals. 
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Results 

Alignment with Expert Consensus 

Calibrated CQS attains Pearson’s 𝑟=0.688 with 95% Fisher’s-𝑧 confidence interval [0.358, 0.868]. Baseline 

LOOCV correlations are: BERTScore 𝑟=0.520, Prometheus 𝑟=0.490, SemScore 𝑟=0.460, METEOR 𝑟=0.380, 

ROUGE-L 𝑟=0.330, BLEU-4 𝑟=0.290, and Perplexity 𝑟=−0.050. Figure 2 shows the per-metric correlations, and 

Table 3 reports the corresponding confidence intervals. 

 

Figure 2 Agriculture: LOOCV Alignment with Expert Consensus 

Table 3 LOOCV alignment (Pearson 𝑟, Fisher–z 95% CI, n=20) 

Metric Pearson 𝑟 CI_Lower CI_Upper N 

CQS 0.688 0.353 0.867 20 

BERTScore 0.52 0.101 0.782 20 

Prometheus 0.49 0.061 0.766 20 

SemScore 0.46 0.022 0.75 20 

METEOR 0.38 -0.075 0.704 20 

ROUGE-L 0.33 -0.132 0.674 20 

BLEU-4 0.29 -0.175 0.649 20 

Perplexity -0.05 -0.482 0.401 20 

Dependent-Correlation Gains vs. Baselines (Williams Tests) 

Head-to-head comparisons against CQS favored CQS for all baselines. The observed correlation coefficients 

were 0.168 for BERTScore, 0.198 for Prometheus, 0.228 for SemScore, 0.308 for METEOR, 0.358 for ROUGE-

L, 0.398 for BLEU-4, and 0.738 for Perplexity. Table 4 lists the inter-metric correlations used in the tests, along 

with the corresponding test statistics and adjusted p-values. 

Table 4 Williams tests vs CQS (dependent correlations, Holm-adjusted) 

Reference Baseline r1 r2 Delta r r12 T stat P value P Holm  

adj 

N 

CQS BERTScore 0.688 0.52 0.168 0.75 
  

1 20 
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CQS Prometheus 0.688 0.49 0.198 0.7 
  

1 20 

CQS SemScore 0.688 0.46 0.228 0.68 
  

1 20 

CQS METEOR 0.688 0.38 0.308 0.55 5.173 0 0 20 

CQS ROUGE-L 0.688 0.33 0.358 0.5 4.049 0.0001 0.0004 20 

CQS BLEU-4 0.688 0.29 0.398 0.45 3.597 0.0003 0.0022 20 

CQS Perplexity 0.688 -0.05 0.738 0.1 2.854 0.0043 0.0302 20 

Component Attribution via Ablation 

Attributions were quantified by removing one CQS dimension at a time and recomputing the held-out alignment 

on the Agriculture set (𝑛=20). Because the calibrated weights assign 𝑤𝐶3 = 0.4000, 𝑤𝐿𝑄𝑅𝑄𝑆 = 0.6000 at the top 

level, and within LQRQS 𝑢 = (𝑢𝑅 , 𝑢𝐷 , 𝑢𝐶 , 𝑢𝑆, 𝑢𝐼) = (0.4649,0.0000,0.0000,0.0000,0.5351) for (R, D, C, S, I), 

ablations of Readability, Conciseness, and Structure cause no change by construction. Removing Relevance or 

Information Density reduces alignment, confirming that these 2 dimensions drive the calibrated gains in this 

domain. Table 5 summarizes the held-out Pearson 𝑟 with Fisher-𝑧 intervals and the change relative to the full 

model. 

Table 5 Component ablation on Agriculture (LOOCV, 𝑛=20) 

Setting Active Components Pearson r CI Lower CI Upper Delta r vs 

Full 

N 

Full C3 + Relevance + Information 

Density 

0.688 0.353 0.867 0 20 

Minus 

Relevance 

C3 + Information Density 0.471 0.036 0.756 -0.217 20 

Minus 

Information 

Density 

C3 + Relevance 0.423 -0.024 0.729 -0.265 20 

Minus 

Readability 

Full (Readability weight = 0) 0.688 0.353 0.867 0 20 

Minus 

Conciseness 

Full (Conciseness weight = 0) 0.688 0.353 0.867 0 20 

Minus 

Structure 

Full (Structure weight = 0) 0.688 0.353 0.867 0 20 

Agreement, Rank Concordance, and Efficiency 

Absolute agreement between CQS and expert consensus is characterized using Bland-Altman analysis. The 

Agriculture results show a mean difference of ≈ -0.0000, a standard deviation of disagreements of 0.0579, and 

95% limits of agreement [-0.1134, 0.1134], with a coefficient of variation of 7.75%. In addition, a proportional 

bias is observed, with a correlation of -0.467 and p = 0.0380. Rank-based concordance is small in the observed 

panel (Kendall’s τ-b = 0.0245, Spearman ρ = 0.0491), consistent with small-sample rank instability. 

Efficiency profiling reports mean per-item runtimes of 0.424 ms (ROUGE-L), 0.516 ms (BLEU-4), 1.254 ms 

(CQS), 21.115 ms (SemScore), and 48.380 ms (Perplexity). Figure 3 summarizes the trade-off between accuracy 

and efficiency. Hence, CQS offers greater alignment with held-out data than n-gram metrics while remaining 

suitable for real-time evaluation. 
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Figure 3 Δr advantage of CQS over baselines 

Discussion 

Domain Emphasis, Sparsity, and Practical Implications 

The results support the central claim that a transparent, domain-tunable composite aligns with expert preferences 

better than non-tunable metrics in a domain-specific setting. In Agriculture, calibrated CQS attains held-out 𝑟 

=0.688 with tight Fisher-z confidence intervals and outperforms multiple baselines under a leakage-controlled 

protocol. Dependent-correlation tests show significant gains over METEOR, ROUGE-L, BLEU-4, and 

Perplexity after Holm correction. These results indicate that the improvements exceed metric-to-metric variance 

induced by evaluation on the same gold standard.  

A key practical implication is that calibration learns a domain-specific emphasis profile while preserving 

interpretability. The learned weights assign 40% to contextual coherence/continuity (C3) and 60% to linguistic-

quality components. Within the latter, weight concentrates on Relevance and Information Density, with zero 

weight on Readability, Conciseness, and Structure in this domain. Ablation results corroborate this sparsity. 

Removing Relevance or Information Density reduces held-out alignment, whereas removing zero-weight factors 

has no effect. This pattern indicates that the gains are driven by semantically meaningful components rather than 

opaque interactions. 

Rank-based concordance is weak in this panel, consistent with small 𝑛 and the fact that CLARION-G optimizes 

correlation rather than rank. Kendall’s τ-b and Spearman’s ρ are near zero. Under small 𝑛, ties and minor ordering 

swaps can dominate rank statistics, making this outcome plausible. The agreement analysis provides a 

complementary view by characterizing absolute errors. Bland-Altman results indicate no fixed bias and limits of 

agreement of approximately ±0.1134 on a 0-1 scale. However, there is proportional bias, with larger deviations 

near the extremes. 

Finally, the runtime results address practicality constraints. CQS achieves millisecond-level latency (≈1.254 

ms/item), significantly lower than embedding-heavy judges (SemScore) and perplexity-based proxies. Thus, 

supports deployment in evaluation dashboards that require both interpretability and throughput.  
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Conclusion 

This study introduced Comprehensive Quality Scoring (CQS) and the CLARION-G calibrator to address a 

practical gap in domain NLG evaluation: achieving expert-aligned scoring while retaining auditable, tunable 

factor-level explanations. Using LOOCV as the primary protocol (Agriculture, 𝑛=20), calibrated CQS attained a 

held-out Pearson correlation of 𝑟 = 0.688 (95% Fisher-z CI: [0.353, 0.867]) and outperformed the evaluated 

baselines on the same endpoint. Secondary analysis supported comprehensiveness and usability: ablations 

indicate that both contextual coherence/continuity and linguistic-quality components contribute significantly to 

alignment, while agreement analysis indicates no fixed bias with tight limits of agreement but reveals proportional 

bias, motivating decile-wise residual monitoring and either slope/intercept correction or scheduled recalibration 

under domain drift.  

Operationally, CQS maintained millisecond-level latency, supporting real-time evaluation settings where 

interpretability is essential. Limitations include the small panel size and reliance on a correlation-optimized 

objective, which can yield unstable rank concordance in small samples; future work should validate the method 

on larger, multi-domain panels using predefined endpoints and protocols. Overall, the evidence supports 

CQS/CLARION-G as a transparent, domain-aware evaluation mechanism that is measurable, auditable, and 

deployable for expert-aligned NLG assessment. 
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