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Abstract  1 

A decision-centric workflow was developed to link a QbD-defined design space with interpretable 2 

surrogate modeling for rapid selection of ultrasound-triggered doxorubicin-loaded chitosan 3 

microbubbles. A 15-run Box–Behnken design spanning chitosan, palmitic acid, and Pluronic F68 4 

was used to quantify three critical quality attributes (CQAs)—mean size, encapsulation efficiency 5 

(EE), and burst release at 40 s (Burst40)—and to train response-specific surrogates evaluated by 6 

leave-one-out cross-validation (LOOCV). The DoE produced a broad performance envelope (size 7 

2.35–4.85 µm; EE 60–82%; Burst40 55.6–95%) with clear composition-driven trade-offs, notably 8 

between EE and acoustic responsiveness. A regularized polynomial surrogate (PolyRidge) 9 

provided strong LOOCV performance for size (R²=0.885; RMSE=0.264 µm) and EE (R²=0.871; 10 

RMSE=2.18%), whereas Burst40 was only moderately predictable (R²=0.501; RMSE=8.61%), 11 

consistent with threshold-like cavitation and microstructure sensitivity. Digital screening with 12 

multi-objective desirability and explainability (SHAP, permutation importance, partial 13 

dependence, LIME) shortlisted manufacturable candidates; experimental validation showed 14 

QbD/RSM was better calibrated for absolute size and EE, while both modeling approaches 15 

remained similarly limited for Burst40. Importantly, shortlisted formulations preserved suppressed 16 

baseline release and pronounced ultrasound-enhanced release, yielding trigger-dependent 17 

cytotoxicity and increased apoptotic commitment in MCF-7 cells. 18 

 19 



 20 
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Introduction: 24 

"Microbubbles that respond to ultrasound offer a practical route to control where and when a drug 25 

is released. Once viewed mainly as diagnostic contrast agents, microbubbles are now being 26 

engineered as acoustically activated carriers in which shell composition and ultrasound exposure 27 

jointly determine stability, cavitation, and release behavior [1]. This capability is particularly 28 

relevant for doxorubicin, a highly effective anticancer drug whose clinical use is constrained by 29 

systemic toxicity [2,3]. A formulation that maintains payload retention during handling and 30 

storage, yet releases drug rapidly upon ultrasound exposure, would be expected to improve 31 

therapeutic precision [1]. 32 

Designing such systems is not straightforward because the same formulation changes often push 33 

critical quality attributes in opposite directions. For chitosan-based microbubbles, shell-forming 34 

polymer concentration, fatty-acid stabilizers, and surfactants can alter mean size, distribution 35 

width, surface charge, encapsulation efficiency, and short-time burst release [1]. These 36 

relationships are rarely independent, as a composition that improves entrapment may also increase 37 

size, while a composition that promotes ultrasound-triggered burst may compromise stability. The 38 

development problem therefore becomes multi-objective, with practical constraints that matter for 39 

both performance and manufacturability. 40 

Quality by Design is widely used to bring structure to this type of formulation problem [4]. A QbD 41 

workflow links a quality target product profile to CQAs, prioritizes critical material attributes and 42 

process parameters through risk assessment, and maps factor–response behavior using design of 43 

experiments [1]. In microbubble development, QbD is useful for factor screening and for 44 

producing interpretable polynomial models that support design space definition and a risk-based 45 

control strategy. At the same time, early-stage DoE datasets are often small, and polynomial 46 

response surfaces may not capture certain behaviors that are common in ultrasound-responsive 47 

systems—strong nonlinearities, interaction-dominated regions, or conditional effects that appear 48 



only under specific factor combinations [5,6]. These limitations become more evident when burst 49 

release in a short exposure window must be optimized alongside size and encapsulation. 50 

Machine-learning surrogates can complement QbD when they are used in a transparent way [6]. 51 

Tree-based models such as Random Forest and extreme gradient boosting are well suited to 52 

learning interaction-rich relationships from limited data. Their adoption in formulation science, 53 

however, depends on interpretability: high accuracy alone does not help if the model cannot be 54 

translated into practical decisions. Explainable AI methods address this need by providing human-55 

understandable explanations of model reasoning [7]. Global explanations (e.g., SHapley Additive 56 

exPlanations, SHAP; permutation feature importance, PFI; partial dependence plots, PDP) identify 57 

dominant drivers and clarify the direction and shape of factor effects [6,8,9]. Local explanations 58 

(e.g., local SHAP and LIME) can then justify why a particular candidate formulation is preferred, 59 

which is important when selecting a batch for prospective testing and when defining set-points and 60 

acceptable operating ranges. 61 

The present study applies a decision-centric XAI workflow to ultrasound-triggered doxorubicin-62 

loaded chitosan microbubbles using a previously established QbD foundation [1]. The DoE dataset 63 

and CQAs defined in our earlier QbD work were used as the modeling substrate. RF and XGBoost 64 

surrogates were trained for mean size (µm), entrapment efficiency (EE, %), and burst release 65 

within 40 s (Burst40, %), and performance was assessed using leave-one-out cross-validation. 66 

Interpretability was examined using SHAP, PFI, and PDP/ICE analyses, with local explanations 67 

used to support candidate selection. Digital screening within the QbD factor bounds was then 68 

performed to identify decision-relevant formulations and to benchmark AI-selected candidates 69 

against the QbD-optimized comparator. Finally, to move beyond computational reanalysis, the 70 

XGBoost-selected optimized batch is positioned for head-to-head experimental comparison with 71 

the QbD-optimized batch, including stability assessment, in-vitro release (with and without 72 

ultrasound triggering), and MCF-7 anticancer activity supported by appropriate statistical testing." 73 

2. Experimental Work  74 

Materials 75 

All chemicals, excipients, gases, and analytical reagents were the same as those used in our 76 

previously reported Quality by Design study on doxorubicin-loaded chitosan microbubbles and 77 

were used without modification [1]. Briefly, chitosan (medium molecular weight; degree of 78 



deacetylation ~75–85%; HiMedia, India), palmitic acid (analytical grade; Loba Chemie, India), 79 

and Pluronic F68/poloxamer 188 were used as shell-forming/stabilizing components [1]. DOX 80 

hydrochloride was obtained as a gift sample [1]. Glacial acetic acid and sodium hydroxide were 81 

used for solution preparation and pH adjustment [1]. Medical-grade sulfur hexafluoride (SF₆) gas 82 

was procured from Linde India [1]. MCF-7 human breast adenocarcinoma cells were used for in 83 

vitro anticancer testing [1]. Cell culture reagents including DMEM, fetal bovine serum, trypsin–84 

EDTA, and antibiotic–antimycotic solution were sourced from HiMedia [1]. Unless stated 85 

otherwise, all aqueous solutions were prepared using deionized water and handled using the same 86 

precautions and storage conditions as described previously [1]. 87 

Overall study design and data sources 88 

This work followed a two-layer workflow: (i) an in-silico modeling/decision/explainability layer 89 

built on a legacy QbD dataset, and (ii) a comparative experimental validation layer testing an AI-90 

nominated formulation against a prior QbD comparator under matched laboratory conditions [1]. 91 

For the in-silico layer, the dataset was adopted directly from the prior QbD study and comprised 92 

15 Box–Behnken experimental runs (12 factorial combinations plus three replicated center points) 93 

[1]. Three formulation factors were used as model inputs in actual units: chitosan concentration 94 

(X1; 0.50, 0.85, 1.20% w/v), palmitic acid concentration (X2; 0.05, 0.15, 0.25% w/v), and Pluronic 95 

F68 concentration (X3; 0.0050, 0.0125, 0.0200% w/v) [1]. Responses treated as critical quality 96 

attributes were mean microbubble size (µm), entrapment efficiency (EE, %), and ultrasound-97 

triggered burst release at 40 s (Burst40, %) [1]. All digital screening and candidate selection were 98 

strictly constrained to these bounds to avoid extrapolation beyond the experimentally supported 99 

region [1]. For experimental validation, two formulations were manufactured and evaluated head-100 

to-head: (a) an AI-shortlisted formulation nominated by the digital decision workflow and (b) the 101 

QbD-optimized comparator reported previously [1]. All processing steps and handling conditions 102 

were held constant between batches; only X1–X3 levels differed by design [1]. 103 

QbD baseline comparator 104 

To benchmark the AI layer against the established QbD response-surface baseline, the previously 105 

published second-order polynomial models were implemented directly and used without refitting 106 

[1,6]. QbD predictions for Size, EE, and Burst40 were computed for each candidate formulation 107 

using the same coded-factor conventions and the same factor bounds defined in the original study, 108 



and were used as the QbD baseline during digital screening and validation comparisons [1]. 109 

Table 1. Box–Behnken design matrix and observed critical quality attributes (CQAs) for DOX-loaded chitosan 110 

microbubbles. 111 

Run Chitosan 

(% w/v) 

Palmitic 

acid (% 

w/v) 

Pluronic 

F68 (% 

w/v) 

Size (µm) EE (%) Burst40 

(%) 

1 1.20 0.05 0.0125 4.06 ± 0.12 70.0 ± 1.8 81.8 ± 2.1 

2 1.20 0.15 0.0200 4.36 ± 0.15 73.2 ± 2.0 73.2 ± 2.4 

3 0.50 0.25 0.0125 2.85 ± 0.10 68.0 ± 1.6 87.2 ± 1.9 

4 1.20 0.25 0.0125 4.85 ± 0.18 82.0 ± 2.2 55.6 ± 2.6 

5 0.85 0.05 0.0050 3.20 ± 0.11 67.0 ± 1.5 77.2 ± 2.0 

6 0.85 0.25 0.0050 3.90 ± 0.14 77.0 ± 1.9 66.0 ± 2.3 

7 0.85 0.15 0.0125 3.35 ± 0.09 70.2 ± 1.4 82.7 ± 1.8 

8 0.85 0.05 0.0200 2.70 ± 0.08 63.0 ± 1.6 95.0 ± 1.5 

9 0.85 0.15 0.0125 3.37 ± 0.10 70.6 ± 1.5 83.2 ± 1.7 

10 0.85 0.25 0.0200 3.86 ± 0.13 76.0 ± 1.8 64.0 ± 2.2 

11 0.85 0.15 0.0125 3.37 ± 0.09 70.2 ± 1.6 82.7 ± 1.9 

12 0.50 0.15 0.0050 2.80 ± 0.08 65.2 ± 1.4 91.2 ± 1.6 

13 1.20 0.15 0.0050 4.80 ± 0.17 78.8 ± 2.0 64.2 ± 2.4 

14 0.50 0.15 0.0200 2.40 ± 0.07 62.8 ± 1.3 95.0 ± 1.4 

15 0.50 0.05 0.0125 2.35 ± 0.06 60.0 ± 1.2 95.0 ± 1.3 

Values are reported as mean ± SD (n = 3). Burst40 denotes ultrasound-triggered burst release measured at 40 s. 112 

Factor levels are reported in actual units (% w/v). 113 

Dataset curation and preprocessing 114 

The 15-run dataset was assembled into a structured table containing the three inputs (X1–X3) and 115 

three responses [1]. Response means were used for model training; replicate variability was 116 

retained for interpretation and experimental benchmarking [1]. The dataset contained no missing 117 

values and was not augmented with external data. 118 

Computational environment and reproducibility 119 

All modeling and explainability analyses were implemented in Python using standard scientific 120 

and machine-learning libraries, consistent with modern practices in pharmaceutical development 121 



[10–12]. Random seeds were fixed for all stochastic operations (e.g., bootstrapping, subsampling, 122 

permutation importance) to ensure reproducibility [11]. Figures and tables were exported in 123 

publication-ready formats, and the analysis outputs were archived for traceability. 124 

Surrogate model development 125 

Surrogate models were trained separately for each CQA using the same three inputs (X1–X3). 126 

Candidate regressors included: (1) Random Forest regression with conservative depth/leaf settings 127 

to limit overfitting under DoE-scale data, a common approach in pharmaceutical modeling [10,11]. 128 

(2) Extreme Gradient Boosting regression using shallow trees with shrinkage and subsampling to 129 

improve stability, recognized for its effectiveness in various scientific applications [10,12]. (3) 130 

PolyRidge, a regularized polynomial regression surrogate combining: (i) feature scaling, (ii) 131 

polynomial expansion (degree 2 or 3), and (iii) ridge regularization (L2 penalty) to stabilize 132 

coefficient estimates when the number of polynomial terms is high relative to n [1]. 133 

Model selection was performed per response based on cross-validated error and goodness-of-fit 134 

(R²), with preference for models showing stable, physically plausible behavior within the bounded 135 

design region [11]. 136 

Cross-validation and performance metrics 137 

Because the dataset contained only 15 runs, predictive performance was evaluated using leave-138 

one-out cross-validation [6]. Each run was held out once as the test point while the model was 139 

trained on the remaining n−1 runs; held-out predictions were pooled across all folds. Performance 140 

was summarized using RMSE, MAE, and R², and observed-versus-predicted plots were generated 141 

for each response to assess calibration and trend agreement [10,11]. 142 

Explainability analyses 143 

Model interpretability was examined using complementary global and local tools: (1) Permutation 144 

Feature Importance to quantify global factor importance based on error inflation under feature 145 

permutation [7]. (2) SHAP for both global feature contribution patterns and local, batch-specific 146 

attributions [7,13]. (3) Partial Dependence Plots (with ICE where needed) to visualize marginal 147 

factor effects within the design region [7]. (4) LIME as an additional local explanation check for 148 

selected candidates [7]. Concordance across methods was used to support robust, decision-relevant 149 

interpretation of factor–response behavior [7]. 150 



Digital screening and decision-centric batch selection 151 

A digital screening step was used to interrogate the design region at higher resolution without 152 

additional wet-lab runs. Candidate formulations were generated by uniform sampling within the 153 

QbD factor bounds. CQAs were predicted using the selected surrogate(s), and multi-objective 154 

prioritization was performed using a desirability approach: Size was treated as a minimization 155 

objective, while EE and Burst40 were treated as maximization objectives [14,15]. A composite 156 

desirability score (geometric mean) was used to rank candidates [15]. The shortlist was diversified 157 

to include distinct operating choices (e.g., optimum, robust interior point, boundary-adjacent point, 158 

and trade-off point), and the QbD comparator was retained for direct benchmarking [1]. 159 

Microbubble preparation and experimental evaluation 160 

Microbubbles were prepared using the same sonication-assisted method reported previously, 161 

including the same mixing sequence, headspace gas exchange with SF₆, and controlled 162 

agitation/oscillation steps. For the AI-nominated and QbD comparator batches, only X1–X3 levels 163 

differed; all other conditions were matched [1]. 164 

Physicochemical characterization included mean size and distribution by optical microscopy 165 

(hydrated state), and PDI/zeta potential under the same dispersion conditions as previously used. 166 

EE was determined by an indirect method by separating free DOX from microbubble-associated 167 

DOX after mild centrifugation and quantifying DOX using the validated UV–visible method; EE 168 

was computed as the fraction of non-free DOX relative to total DOX. In vitro release and 169 

ultrasound-triggered Burst40 testing were performed using the same release medium, temperature 170 

control, sampling plan, and insonation setup [1]; Burst40 was calculated as the percent drug 171 

released within 40 s under ultrasound relative to total releasable drug. Short-term stability (0–7 172 

days, refrigerated) was assessed by re-measuring size, PDI, zeta potential, and EE at each time 173 

point. Anticancer activity was evaluated in MCF-7 cells at DOX-equivalent concentrations for AI 174 

and QbD formulations with appropriate controls (untreated, free DOX, blank MBs), with ± 175 

ultrasound exposure using the same insonation conditions. All experimental measurements were 176 

performed at least in triplicate and reported as mean ± SD [1]. 177 

Statistical analysis 178 

Data were analyzed in GraphPad Prism. For single-time-point multi-group comparisons, one-way 179 

ANOVA with appropriate post-hoc multiple comparisons testing was used. For time-course 180 



datasets (release and stability), two-way ANOVA (formulation × time) with multiple comparisons 181 

was applied where appropriate. Statistical significance was set at p < 0.05 [1]. 182 

 183 

Result 184 

Decision‑centric digital workflow anchored to a legacy QbD dataset 185 

Figure 1 summarizes the two‑layer workflow implemented in this study. The in‑silico layer 186 

leveraged the fixed 15‑run Box–Behnken DoE (Table 1) as a bounded knowledge base to (i) train 187 

response‑specific regression surrogates for mean size, entrapment efficiency (EE), and ultrasound 188 

responsiveness (Burst40), (ii) digitally screen candidates within the same factor limits (no 189 

extrapolation), and (iii) generate explanation outputs (PFI, SHAP, PDP, and local attributions) to 190 

support traceable candidate prioritization. The experimental layer provided an external check on 191 

model‑guided selection by preparing decision‑centric batches (Tables 2), and benchmarking 192 

AI‑predicted values against QbD/RSM baseline predictions and measured CQAs (Figs. 3). 193 

Downstream functional and biological readouts (ultrasound‑triggered release, MCF‑7 viability, 194 

Annexin V/PI apoptosis) were then used to verify that shortlisted formulations expressed the 195 

intended ON/OFF performance phenotype (Figs. 6–7). 196 

 197 

Figure 1. Decision-centric digital workflow integrating QbD and explainable AI for formulation optimization 198 

and control-strategy development. 199 



QbD DoE response space and composition‑driven effects within the design region 200 

Within the investigated factor bounds (Table 1), the DoE generated a response landscape with 201 

sufficient spread to support both response‑surface interpretation and surrogate learning. The three 202 

CQAs spanned: mean size 2.35–4.85 µm, EE 60–82%, and Burst40 55.6–95%. The replicated 203 

center points demonstrated close agreement across repeats, indicating that the DoE captured 204 

reproducible composition‑dependent structure rather than being dominated by measurement noise. 205 

Across the DoE matrix, size increased with higher chitosan and palmitic acid, whereas Pluronic 206 

F68 tended to reduce mean size within the explored range. EE increased with higher chitosan and 207 

palmitic acid but generally decreased as Pluronic F68 increased. Burst40 showed the most 208 

prominent trade‑space: low‑chitosan formulations expressed higher burst responsiveness, while 209 

higher chitosan suppressed Burst40 despite improving EE. Collectively, these patterns established 210 

a non‑collinear objective landscape in which retention‑favorable compositions and 211 

ultrasound‑labile compositions occupied different regions of the same design space. 212 

Surrogate model screening and LOOCV performance 213 

Surrogate models were trained separately for each CQA using the three formulation factors as 214 

inputs. Algorithm screening under leave‑one‑out cross‑validation (LOOCV) demonstrated 215 

response‑dependent predictability (Table S1; Fig. 2). A regularized polynomial surrogate 216 

(PolyRidge) provided the best overall LOOCV performance for Size and EE and remained 217 

competitive for Burst40, supporting its selection for downstream digital screening and 218 

explainability. 219 

 220 

 221 

Figure 2. Leave-one-out cross-validation (LOOCV) performance of surrogate models trained on the 15-run 222 

QbD DoE. Observed versus LOOCV-predicted values are shown for (A) mean microbubble size (µm), (B) 223 

encapsulation efficiency (EE, %), and (C) Burst release at 40 s (Burst40, %) using Random Forest (RF) and 224 

XGBoost (XGB) models. Each point represents one DoE run predicted by a model trained on the remaining 14 runs. 225 

The dashed line indicates the line of identity (y = x), while solid lines represent linear fits of predicted versus observed 226 

values; the corresponding R² values are reported in the legend. 227 



For Size, PolyRidge (degree 3) achieved cross‑validated agreement across the response range (R² 228 

= 0.885; RMSE = 0.264 µm; MAE = 0.223 µm). For EE, PolyRidge (degree 3) similarly showed 229 

strong LOOCV performance (R² = 0.871; RMSE = 2.18%; MAE = 1.80%). In contrast, Burst40 230 

exhibited lower predictability within the three‑factor description; PolyRidge (degree 2) yielded R² 231 

= 0.501 with higher residual error (RMSE = 8.61%; MAE = 6.91%). Tree‑ensemble models 232 

captured nonlinearity but did not outperform PolyRidge under LOOCV in this DoE‑scale dataset. 233 

Across model families, Burst40 remained the most challenging endpoint, consistent with the 234 

higher dispersion and potentially threshold‑like behavior expected for ultrasound‑triggered shell 235 

disruption. 236 

 237 

 238 

Figure 3A. Model interpretability for CQAs using SHAP and permutation importance. Left: SHAP summary 239 

plots for Size (µm), EE (%), and Burst40 (%) showing the direction and magnitude of each factor’s effect on 240 

predictions (red = high feature value, blue = low; positive SHAP increases the predicted response). Right: permutation 241 

feature importance (ΔRMSE) ranking factor influence for each CQA. 242 



Explainability outputs: global factor importance and consistency across methods 243 

Explainability analysis converged on a consistent global importance structure (Fig. 3A & 3B). 244 

Permutation feature importance ranked chitosan as the dominant driver across all three CQAs, with 245 

palmitic acid contributing substantively—particularly for drug‑related attributes—and Pluronic 246 

F68 acting as a secondary modulator within the tested bounds. SHAP global summaries and partial 247 

dependence trends were directionally concordant with PFI, supporting internal consistency 248 

between the learned surrogate structure and the empirical DoE landscape. Local attributions 249 

provided formulation‑specific rationales consistent with global trends, enabling traceable 250 

interpretation of why particular candidates were shortlisted. 251 

 252 

Figure 3B. Global and local interpretation of AI-surrogate predictions using Partial Dependence Plots (PDP) 253 

and LIME analysis. Left panels: PDPs showing the average effect of chitosan, palmitic acid, and Pluronic F68 on 254 

predicted Size (µm), EE (%), and Burst40 (%) across the design space. Right panels: LIME local explanations for 255 

a representative validation formulation (DoE run index 7), indicating the direction and magnitude of each factor’s 256 

contribution (green = positive effect, red = negative effect) to the predicted responses. 257 



External benchmarking: AI predictions versus QbD/RSM baseline against experimentally 258 

prepared decision batches 259 

To evaluate out‑of‑DoE generalization in a development‑relevant setting, five AI‑shortlisted 260 

batches were prepared and characterized in triplicate and compared against both AI surrogate 261 

predictions and the QbD/RSM polynomial baseline (Tables 2; Fig.4). Experimentally, the 262 

AI‑shortlisted set clustered tightly for size and EE (mean size 3.70 ± 0.12 to 4.30 ± 0.15 µm; EE 263 

74.0 ± 1.8 to 76.0 ± 1.9%), with moderate Burst40 values (69.0 ± 2.0 to 72.0 ± 2.1%). The QbD 264 

comparator expressed a distinct trade‑off profile: smaller size and lower EE but markedly higher 265 

Burst40 (Tables 2). 266 

Table 2. External validation of shortlisted batches: experimental CQAs versus AI surrogate and QbD 267 

predictions 268 

Batch 
Chitosan 

(% w/v) 

Palmitic 

acid (% 

w/v) 

Pluronic 

F68 (% 

w/v) 

Size (µm)  
AI Size 

(µm) 

QbD 

Size 

(µm) 

|Error| 

AI Size 

|Error| 

QbD 

Size 

AI 1 0.85 0.2 0.013 3.70 ± 0.12 3.45 3.55 0.25 0.15 

AI 2 1.15 0.16 0.012 4.30 ± 0.15 3.97 4.37 0.33 0.07 

AI 3 1 0.17 0.013 4.05 ± 0.13 3.54 3.88 0.51 0.17 

AI 4 1.05 0.17 0.012 4.15 ± 0.14 3.65 4.06 0.5 0.09 

AI 5 0.9 0.19 0.012 3.80 ± 0.12 3.46 3.67 0.34 0.13 

QbD 0.75 0.19 0.019 3.20 ± 0.11 3.33 3.19 0.13 0.01 

 

Batch 
Chitosan 

(% w/v) 

Palmitic 

acid (% 

w/v) 

Pluronic 

F68 (% 

w/v) 

EE (%)  
AI EE 

(%) 

QbD EE 

(%) 

|Error| 

AI EE 

|Error| 

QbD EE 

AI 1 0.85 0.2 0.013 74.0 ± 1.8 71.1 73 2.9 1 

AI 2 1.15 0.16 0.012 76.0 ± 1.9 73.2 75.9 2.8 0.1 

AI 3 1 0.17 0.013 74.5 ± 1.7 71.2 73.9 3.3 0.6 

AI 4 1.05 0.17 0.012 75.5 ± 1.8 71.8 74.9 3.7 0.6 

AI 5 0.9 0.19 0.012 74.8 ± 1.7 71.1 73.5 3.7 1.3 

QbD 0.75 0.19 0.019 69.5 ± 1.6 70.2 69.9 0.7 0.4 

 

Batch 
Chitosan 

(% w/v) 

Palmitic 

acid (% 

w/v) 

Pluronic 

F68 (% 

w/v) 

Burst40 (%) 

AI 

Burst40 

(%) 

QbD 

Burst40 

(%) 

|Error| 

AI 

Burst40 

|Error| 

QbD 

Burst40 

AI 1 0.85 0.2 0.013 72.0 ± 2.1 77.3 77.1 5.3 5.1 

AI 2 1.15 0.16 0.012 69.0 ± 2.0 72.9 72 3.9 3 

AI 3 1 0.17 0.013 71.0 ± 1.9 76.2 75.8 5.2 4.8 

AI 4 1.05 0.17 0.012 69.5 ± 1.8 74.3 73.7 4.8 4.2 

AI 5 0.9 0.19 0.012 70.5 ± 2.0 76.6 76.3 6.1 5.8 

QbD 0.75 0.19 0.019 86.0 ± 1.7 80.9 81 5.1 5 

Experimental values are mean ± SD (n = 3). |Error| denotes absolute error relative to the experimental mean. 269 



 270 

Figure 4. External validation and agreement analysis between AI-surrogate and QbD/RSM predictions for 271 

shortlisted DOX-loaded chitosan microbubble batches. 272 

Panels A–C show microbubble size (µm), D–F entrapment efficiency (EE, %), and G–I ultrasound-triggered burst 273 

release at 40 s (Burst40, %). Panels A, D, G present experimentally measured values plotted against AI-surrogate 274 

predictions; B, E, H show experimental values versus QbD/RSM predictions; and C, F, I compare AI-surrogate 275 

predictions directly with QbD/RSM predictions for the same validation batches. Each point represents one 276 

experimentally prepared batch (n = 6, including the QbD comparator). The dashed line denotes the line of identity (y 277 

= x), while the solid line represents the linear regression fit (y = mx + c). Corresponding goodness-of-fit statistics (R², 278 

RMSE, and MAE) are reported within each panel. The plots demonstrate strong agreement for size and EE predictions 279 

and acceptable concordance for Burst40, confirming the predictive reliability of both modelling approaches within the 280 

validated design space.  281 



When predictions were benchmarked against measurements, QbD/RSM displayed stronger 282 

absolute calibration for Size and EE across the five AI‑shortlisted batches, whereas both 283 

approaches showed comparable residual error for Burst40. Averaged across the AI‑shortlisted set, 284 

mean absolute errors were 0.388 µm (AI) versus 0.120 µm (QbD/RSM) for Size, and 3.28% (AI) 285 

versus 0.735% (QbD/RSM) for EE; Burst40 errors were similar in magnitude (5.06% AI versus 286 

4.61% QbD/RSM). Linear calibration diagnostics (Fig. 4) reflected the same hierarchy: QbD/RSM 287 

retained near‑identity scaling for Size and EE, whereas AI predictions exhibited weaker calibration 288 

despite trend tracking within the shortlisted region.  289 

Decision‑centric candidate selection outcome 290 

Candidate selection integrated multi‑CQA desirability within the bounded QbD factor space and 291 

required that shortlisted candidates were experimentally feasible and explanation‑consistent. The 292 

resulting shortlist occupied a compositionally coherent region characterized by tight experimental 293 

dispersion in Size and EE and moderate Burst40 values (Tables 2). Inclusion of the QbD 294 

comparator provided an anchored benchmark for interpreting whether AI‑guided selection 295 

preserved the expected EE–Burst40 trade‑space while maintaining manufacturability and 296 

reproducibility. 297 

Ultrasound‑triggered release: ON/OFF separation in vitro 298 

Release profiles compared free doxorubicin, QbD‑optimized microbubbles, and AI‑optimized 299 

microbubbles under matched baseline and ultrasound conditions (Fig. 5). Under no‑ultrasound 300 

conditions, both microbubble formulations demonstrated suppressed baseline release relative to 301 

free drug. By ~6 h, cumulative release from the no‑US microbubble groups remained ~34–38%, 302 

whereas free DOX exceeded ~80% over the same interval. Upon ultrasound exposure, both 303 

microbubble formulations transitioned to a triggered release phenotype, with cumulative release 304 

approaching ~88–90% by ~6 h and clearly separating from their corresponding no‑US trajectories. 305 

The +US release profiles of AI‑optimized and QbD‑optimized formulations were closely aligned, 306 

indicating convergence on a functionally similar ON/OFF release behavior. 307 

  308 



 309 

Figure 5. In vitro ultrasound-triggered release profiles of doxorubicin from optimized microbubble 310 

formulations.  Cumulative drug release (%) as a function of time for free DOX, QbD-optimized DOX-microbubbles, 311 

and AI-optimized DOX-microbubbles under baseline (no ultrasound, no-US) and ultrasound-activated (+US) 312 

conditions 313 

 314 

Trigger‑dependent anticancer activity and apoptosis signaling in MCF‑7 315 

In MCF‑7 viability experiments (Fig. 6H), both optimized microbubble formulations demonstrated 316 

ultrasound‑dependent enhancement of cytotoxicity. At matched nominal doxorubicin 317 

concentrations, microbubble‑treated cells showed higher residual viability in the absence of 318 

ultrasound, while ultrasound exposure shifted the dose–response toward lower viability, consistent 319 

with increased effective exposure upon triggering. 320 

Annexin V/PI profiling (Fig. 6A–F) supported a trigger‑dependent shift in cell‑death phenotype. 321 

Untreated controls remained predominantly viable. Free DOX increased Annexin‑positive 322 

populations, consistent with apoptosis induction. In contrast, DOX‑microbubbles without 323 

ultrasound produced a smaller redistribution from the viable quadrant, whereas ultrasound 324 

activation increased Annexin‑positive fractions and elevated total apoptosis (early + late) relative 325 

to the corresponding non‑insonated microbubble condition. Apoptosis profiles under ultrasound 326 
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were comparable between the AI‑optimized and QbD‑optimized formulations, supporting that 327 

both candidates generated sufficient triggered exposure to engage apoptosis‑associated cell death.  328 

 329 

 330 

Figure 6. Ultrasound activation amplifies the cytotoxic and pro-apoptotic response of doxorubicin-loaded 331 

chitosan microbubbles in MCF-7 cells. Annexin V–FITC/propidium iodide (PI) flow-cytometry dot plots (A–F) 332 

show quadrant-gated distributions, where Q4 (Annexin−/PI−) represents viable cells, Q3 (Annexin+/PI−) early 333 

apoptosis, Q2 (Annexin+/PI+) late apoptosis/secondary necrosis, and Q1 (Annexin−/PI+) primary necrosis; quadrant 334 

percentages are reported on each plot. (A) Untreated control. (B) QbD-optimized DOX-MB, no ultrasound (−US). (C) 335 

AI-optimized DOX-MB, −US. (D) Free DOX. (E) QbD-optimized DOX-MB with ultrasound (+US). (F) AI-optimized 336 

DOX-MB, +US. (G) Quantification of total apoptosis (Q2+Q3) demonstrating a marked increase upon ultrasound 337 

activation for both optimized microbubble formulations; bars represent mean ± SD (n = 3), with statistical significance 338 

indicated (****). (H) Dose–response viability curves (DOX, µg/mL; log scale) comparing Free DOX and DOX-MB 339 

formulations under −US and +US conditions, showing an ultrasound-dependent leftward shift (enhanced potency) for 340 

microbubble groups; points represent mean ± SD (n = 3). 341 



 342 

4. Discussion  343 

The Box–Behnken DoE delineated a clearly bounded experimental region and generated a wide 344 

CQA envelope (size 2.35–4.85 µm; EE 60–82%; Burst40 55.6–95%), confirming that chitosan, 345 

palmitic acid, and Pluronic F68 jointly create a meaningful formulation trade-space that must be 346 

balanced against the intended therapeutic objective [1]. The response ranges also make the central 347 

development tension explicit [1,16]: compositions enriched in chitosan and palmitic acid produced 348 

the highest EE (up to 82%) yet the lowest ultrasound responsiveness (Burst40 down to 55.6%), 349 

whereas low-chitosan conditions shifted toward the opposite phenotype (Burst40 up to 95% with 350 

reduced EE, typically 60–68%). This antagonism is consistent with stronger drug–matrix 351 

association and a more cohesive shell improving retention while simultaneously increasing 352 

resistance to ultrasound-driven disruption. Importantly, the replicated center points were tightly 353 

clustered, indicating that the intermediate region represents a reproducible operating window 354 

rather than an artifact of experimental variability, and therefore a practical “balanced” space for 355 

development decisions [1]. 356 

Mechanistically, chitosan emerged as the dominant lever across all CQAs, which aligns with its 357 

role as the primary shell-forming polymer: increasing chitosan plausibly thickens and stiffens the 358 

interfacial layer, enlarges the microbubble population, strengthens drug retention, and elevates the 359 

cavitation threshold—collectively suppressing Burst40 while improving EE. The increasing 360 

contribution of palmitic acid from size to drug-related CQAs highlights the functional importance 361 

of the lipid component in tuning shell mechanics and acoustic susceptibility, thereby modulating 362 

both encapsulation and ultrasound-triggered release [1,17–25]. Taken together, these findings 363 

support a rational selection logic within the design space: retention-prioritized use cases favor the 364 

high-chitosan/high-palmitic acid region (accepting lower Burst40), whereas trigger-prioritized use 365 

cases favor the low-chitosan region (accepting reduced EE) [1]. 366 

The LOOCV analysis showed clear response-dependent differences in predictability: PolyRidge 367 

(degree 3) modeled Size and EE with strong cross-validated agreement (R² = 0.885 and 0.871), 368 

whereas Burst40 remained only moderately predictable (R² = 0.501) despite an analogous 369 

modeling strategy [1]. This separation is consistent with the underlying physics of the CQAs. Mean 370 

size is largely set during formation by composition-governed interfacial and rheological 371 



conditions—polymer concentration–driven viscosity, interfacial tension, and breakup/coalescence 372 

kinetics—which change smoothly across the design region and therefore map well onto low-order 373 

polynomial structure [26–28]. The low dispersion at the center points further supported that the 374 

Size signal was dominated by reproducible formulation effects rather than stochastic noise, 375 

explaining the low RMSE (0.264 µm) and the near-linear observed–predicted agreement [1,29]. 376 

Encapsulation efficiency, while more mechanistically layered, also behaved as a predominantly 377 

continuous response within the studied bounds. EE reflected a coupled partitioning/association 378 

process governed by drug–polymer interactions and lipid-assisted retention, together with kinetic 379 

trapping during shell formation [30–32]. Because these contributions evolve gradually with 380 

composition (rather than switching abruptly), the response surface remained sufficiently smooth 381 

for stable learning, yielding RMSE = 2.18% under LOOCV and consistent trend capture across 382 

the DoE [1,33,34]. 383 

Burst40, in contrast, represented an ultrasound-activated failure outcome that is intrinsically closer 384 

to a threshold phenomenon than a smooth interpolation problem. Triggered release depends on 385 

cavitation-driven oscillation and collapse, where the transition from stable oscillation to disruptive 386 

inertial events occurs once acoustic forcing exceeds a composition-dependent threshold governed 387 

by shell thickness, viscoelastic damping, and local heterogeneity [38–43]. In this regime, small 388 

compositional shifts can produce disproportionately large functional changes near the threshold, 389 

while producing minimal change far from it, yielding heterogeneous sensitivity that is difficult for 390 

polynomial models to approximate reliably. The shell itself adds irreducible variability: defect 391 

density, local thickness variations, and microscale compositional non-uniformity can create 392 

preferential rupture sites that amplify stochasticity under insonation [44–47]. Finally, the measured 393 

Burst40 likely integrated multiple mechanisms—catastrophic rupture, ultrasound-enhanced 394 

diffusion through partially intact shells, and microstreaming/radiation-force–driven transport—395 

whose relative contributions can shift across the design space, reducing additivity and further 396 

limiting predictability from bulk composition alone [36,48–50]. 397 

Burst40 was consistently the least modelable endpoint in the present three-factor description (R² 398 

= 0.501; RMSE = 8.61%), indicating that ultrasound-triggered release retains a larger irreducible 399 

component of variability than Size or EE under DoE-scale learning [1]. This behavior is 400 

mechanistically plausible because Burst40 is governed by cavitation-mediated shell failure rather 401 

than a purely composition-driven equilibrium response. Acoustic cavitation involves bubble 402 



oscillation and collapse, with a pronounced threshold separating stable oscillation from disruptive 403 

inertial events [38,39]. When the applied acoustic conditions sit near a formulation-dependent 404 

cavitation threshold, modest compositional shifts can switch the dominant response regime, 405 

producing a nonlinear—sometimes effectively discontinuous—composition–response relationship 406 

that is difficult for low-order polynomials to approximate smoothly [1,35,38,40]. In addition, 407 

microbubble shells are mechanically heterogeneous composites; local thickness variation, defect 408 

density, and microstructural inhomogeneity can create preferential rupture sites, increasing 409 

stochasticity in triggered release even when bulk composition is nominally matched [44,45]. 410 

Finally, Burst40 likely aggregates multiple concurrent mechanisms (catastrophic rupture for labile 411 

shells, ultrasound-enhanced diffusion for more intact shells, and microstreaming/radiation-force–412 

assisted transport), whose relative contribution shifts across the design region, further limiting 413 

predictability from composition alone [48,49]. Collectively, these results justify a risk-stratified 414 

use of surrogates within the design space: Size and EE support calibrated interpolation and 415 

decision support, whereas Burst40 should be interpreted more cautiously and is a prime candidate 416 

for expansion with larger datasets and/or mechanistically informed descriptors that explicitly 417 

capture shell mechanics and cavitation physics [1,51–55]. 418 

Across models, the algorithm comparison reinforced an important practical point for DoE-scale 419 

datasets: regularized polynomial structure remained competitive—and in this case superior—to 420 

tree ensembles under LOOCV for all three CQAs. For Size and EE, PolyRidge (degree 3) delivered 421 

the strongest cross-validated performance (R² = 0.885 and 0.871), while for Burst40 the simpler 422 

PolyRidge (degree 2) was optimal, indicating response-specific complexity control rather than 423 

“one-model-fits-all” tuning [1]. This outcome is consistent with the data regime: tree ensembles 424 

need enough observations to learn stable split rules; with n = 15, bootstrap resamples contain 425 

limited unique information and boosting can inadvertently amplify noise when successive trees 426 

chase residuals that reflect sampling idiosyncrasies rather than signal [61]. In contrast, L2-427 

regularized polynomials impose a controlled bias–variance trade-off and stabilize coefficient 428 

estimates by shrinking weak and correlated terms, which is advantageous when the effective 429 

feature space approaches the sample size. Importantly, the Box–Behnken design is inherently 430 

optimized for polynomial estimation; its near-orthogonal structure supports efficient identification 431 

of main effects, interactions, and curvature with minimal runs, thereby aligning the experimental 432 

design with the inductive bias of polynomial surrogates [62–64]. For formulation development in 433 



the common DoE range (≈10–20 runs), these results argue for an evidence-led strategy: begin with 434 

regularized polynomial surrogates that exploit the design structure, then benchmark against 435 

ensembles rather than assuming ensemble superiority by default [51,52]. 436 

The external validation step directly tested whether the AI layer delivered incremental decision 437 

value beyond the established QbD polynomial baseline when confronted with newly manufactured 438 

“decision batches.” In this head-to-head benchmark, the QbD/RSM equations showed clearly 439 

stronger absolute calibration for the composition-dominated CQAs. Across the five AI-shortlisted 440 

batches, mean absolute error was markedly lower for QbD/RSM than for the AI surrogates—0.120 441 

µm versus 0.388 µm for Size (≈3.2-fold) and 0.735% versus 3.28% for EE (≈4.5-fold). In contrast, 442 

Burst40 errors were similar for both approaches (4.61% vs 5.06%), reinforcing that ultrasound-443 

triggered release remains the most difficult endpoint to predict robustly from a three-factor 444 

composition space alone [1,43]. 445 

Calibration plots clarified why the AI surrogates underperformed externally despite acceptable 446 

internal cross-validation: the dominant failure mode was not loss of rank-ordering, but scale 447 

compression and systematic bias. QbD/RSM retained near-identity scaling for Size and EE (slopes 448 

close to 1), indicating that predicted ranges expanded and contracted in step with the measured 449 

response. The AI surrogates, by comparison, tracked local trends within the shortlisted region but 450 

did so with weaker calibration—effectively dampening the predicted dynamic range—so that 451 

differences between batches were underrepresented in absolute units. 452 

Several features of the modeling regime plausibly explain this gap. First, DoE-scale data impose 453 

a hard ceiling on how much flexibility can be supported without paying a generalization penalty. 454 

A third-order polynomial ridge surrogate introduces ~20 terms with only 15 runs; even with L2 455 

shrinkage, this feature-to-sample ratio makes the learned surface sensitive to idiosyncrasies of the 456 

training set and increases the risk that internal performance looks better than true prospective 457 

behavior. Second, LOOCV can be optimistic when models are moderately complex relative to n 458 

because each fold is trained on 14/15 observations—nearly the full dataset—so the model 459 

effectively “sees” almost everything in every fold; this can understate the error that emerges when 460 

confronted with genuinely new combinations and experimental noise [1]. Third, the QbD/RSM 461 

equations were estimated within the Box–Behnken structure itself, which is deliberately 462 

constructed to support stable estimation of polynomial main effects, interactions, and curvature 463 

with minimal confounding; the near-orthogonality of the design improves coefficient 464 



identifiability and tends to translate into better calibrated interpolation within the investigated 465 

bounds [62–64]. 466 

Taken together, these results position the QbD/RSM models as the more reliable quantitative 467 

baseline for calibrated prediction of Size and EE within the validated design region, while also 468 

underscoring a practical lesson for AI-enabled DoE: external validation should be treated as the 469 

decisive filter, and calibration—not only cross-validated R²—should determine whether a 470 

surrogate is fit for quantitative decision-making or best reserved for exploratory screening and 471 

interpretability support [1]. 472 

Release testing showed a clear trigger dependence: in the absence of insonation, the microbubbles 473 

retained doxorubicin and released it only gradually, whereas ultrasound exposure shifted the 474 

system into a rapid, activation-driven release mode. This behavior is consistent with the physical 475 

basis of microbubble-triggered delivery, where drug liberation is governed less by simple diffusion 476 

and more by cavitation-mediated shell disruption under an applied acoustic field. 477 

Mechanistically, ultrasound-responsive release from coated microbubbles is dominated by 478 

acoustic cavitation—bubble oscillation and, when the applied pressure exceeds a formulation-479 

specific threshold, collapse events that generate strong local mechanical stresses capable of 480 

rupturing or fragmenting the shell. Below this threshold, microbubbles primarily undergo stable 481 

oscillations that generate microstreaming and radiation forces; these can accelerate transport but 482 

typically do not cause catastrophic shell failure. Once the threshold is crossed, inertial cavitation 483 

becomes more likely, producing violent collapse, shock waves, and shear forces that promote rapid 484 

shell disruption and drug expulsion [1,65,66]. 485 

The key point from a formulation-development perspective is that the cavitation threshold is not 486 

fixed; it is tuned by microbubble architecture—size distribution, shell thickness, and viscoelastic 487 

properties—which in turn are governed by composition. Increasing chitosan generally increases 488 

shell thickness and stiffness, raising the acoustic pressure needed to achieve disruptive oscillations. 489 

Palmitic acid can shift this balance by modulating packing, cohesion, and flexibility within the 490 

composite shell, thereby altering how readily the coating buckles, cracks, or fails during 491 

insonation. As a result, small composition changes can reposition a formulation relative to the 492 

activation threshold, which explains why ultrasound-triggered endpoints often show higher 493 

variability and lower statistical “modelability” than composition-dominated CQAs such as Size 494 

and EE [1,67]. 495 



Functionally, this trigger dependence is developmentally desirable: low passive release helps 496 

preserve drug association during handling and exposure outside the insonated region, while 497 

ultrasound provides a controllable “release switch” at the target site. At the same time, the same 498 

threshold physics that enables spatial control also makes Burst40 difficult to predict from bulk 499 

composition alone, because microstructural heterogeneity (local weak points, coating 500 

nonuniformity, and defect distributions) can dominate rupture behavior under ultrasound. These 501 

observations support the rationale for moving toward mechanistically informed descriptors (e.g., 502 

shell viscoelasticity proxies) or hybrid models that couple cavitation likelihood with empirical 503 

release kinetics when the goal is more reliable prediction of ultrasound-triggered performance. 504 

In MCF-7 assays, both optimized doxorubicin–microbubble formulations exhibited a clear 505 

ultrasound-dependent gain in anticancer activity. At matched nominal doxorubicin doses, cells 506 

treated with microbubbles under non-insonated conditions retained higher viability, whereas 507 

ultrasound exposure shifted the response toward lower viability—consistent with an increase in 508 

effective intracellular exposure at the time of triggering [1]. This pattern is mechanistically 509 

coherent with the release behavior: intact shells under baseline conditions limit drug availability 510 

in the pericellular environment, while insonation promotes rapid liberation of associated drug and 511 

can simultaneously enhance cellular entry through cavitation-driven membrane perturbation 512 

(sonoporation), together producing a measurable potency shift [1]. 513 

Flow-cytometric Annexin V/PI profiling provided orthogonal support that the viability reduction 514 

reflected apoptotic commitment rather than non-specific membrane destruction. Untreated 515 

controls remained largely viable, and free doxorubicin increased Annexin-positive fractions as 516 

expected for a DNA-damage–driven cytotoxic agent. Microbubbles without ultrasound produced 517 

a smaller redistribution away from the viable quadrant, consistent with limited drug exposure. 518 

With ultrasound, both microbubble formulations showed an increased Annexin-positive 519 

population and a higher total apoptotic fraction (early + late apoptosis) relative to the 520 

corresponding non-ultrasound condition [1]. Because Annexin V+/PI− (early apoptosis) and 521 

Annexin V+/PI+ (late apoptosis) are characteristic of programmed cell death, the shift toward these 522 

quadrants indicates that the triggered formulations predominantly amplified doxorubicin’s 523 

intended pharmacology rather than inducing primarily necrotic injury [1,68,69]. 524 

Importantly, the apoptosis profiles under ultrasound were comparable for the AI-optimized and 525 

QbD-optimized batches, indicating convergence at the biologically relevant endpoint despite 526 



differences in modeling route and absolute CQA calibration [1]. Collectively, the paired viability 527 

and apoptosis results support the translational premise of this platform: the formulation suppresses 528 

baseline exposure, while ultrasound concentrates drug action in space and time, enhancing tumor-529 

cell killing where insonation is applied and reducing exposure elsewhere—an effect that underpins 530 

the selectivity advantage of ultrasound-responsive delivery systems [1,3,70-72]. 531 

The integration of machine-learning surrogates into a QbD development program has direct 532 

consequences for both control-strategy design and model-risk governance [6,73]. Here, the Box–533 

Behnken DoE defined a bounded design region with experimentally supported CQA ranges, and 534 

the digital workflow was intentionally constrained to this space; consequently, the AI layer 535 

functioned as a within-design-space decision aid rather than a tool for extrapolative exploration. 536 

This distinction is important from a development perspective because it preserves the primacy of 537 

the DoE as the evidence base, while allowing computational models to identify practically useful 538 

subregions (“preferred operating zones”) without extending beyond conditions supported by 539 

experimentation. Within this framework, the role of the control strategy is to translate design-space 540 

knowledge into planned controls that assure consistent performance, spanning raw-material 541 

attributes, process parameters, in-process monitoring, and end-product specifications. 542 

A key outcome of the head-to-head benchmarking is that model performance can be mapped 543 

directly onto specification tightness and intended model use. The QbD/RSM equations showed 544 

strong external calibration for Size and EE, supporting relatively tighter acceptance targets (e.g., 545 

Size 3.0–4.5 µm; EE ≥70%) and routine, calibrated interpolation within the established region [1]. 546 

By contrast, Burst40 remained only moderately predictable, with residual errors of similar 547 

magnitude across approaches; accordingly, broader acceptance bands (e.g., 60–90%) are more 548 

defensible at the current evidence level to accommodate both measurement variability and model 549 

uncertainty [1]. In practical terms, this implies that QbD/RSM polynomials are suitable candidates 550 

for integration into process control and decision support where predictions must be quantitatively 551 

reliable, whereas the present AI surrogates—given their poorer external calibration—should not 552 

be positioned for high-stakes uses such as real-time release testing without additional 553 

calibration/validation work [1,6]. Importantly, the explainability layer still contributes to control-554 

strategy development by highlighting subregions that consistently align with specific CQA 555 

priorities; these can be framed as proven acceptable ranges within the broader design space, 556 

enabling manufacturing flexibility while maintaining predictable performance [1,6]. 557 



External validation further enabled explicit risk stratification of model use. For Size and EE, 558 

QbD/RSM predictions showed low mean absolute errors (0.120 µm and 0.735%) with near-559 

identity calibration slopes, indicating low model risk for control-strategy applications such as 560 

specification justification and routine batch decision support [1,74,75]. For Burst40, both 561 

QbD/RSM and AI predictions showed moderate residual error (mean |error| 4.61–5.06%) with 562 

imperfect calibration; this places Burst40 in a moderate-risk category, where model outputs are 563 

best treated as approximate guides and critical decisions should be confirmed experimentally (e.g., 564 

triggered-release checks for lot disposition or change evaluation) [1]. For Size and EE, the AI 565 

surrogates exhibited higher mean absolute errors (0.388 µm and 3.28%) with clear calibration bias, 566 

indicating high model risk for manufacturing-facing decisions; in this state, these surrogates should 567 

be limited to exploratory screening and explainability-supported hypothesis generation unless 568 

recalibrated and prospectively revalidated [1,6,76]. 569 

On this basis, model applicability boundaries can be stated transparently. Within boundaries (low 570 

risk): predictions are restricted to factor settings inside the DoE design space, with Size and EE 571 

estimated using QbD/RSM equations for uses such as specification setting, process control, and 572 

routine batch decision support [74,75,78,79]. At boundaries (moderate risk): near the edges of the 573 

design space, Burst40 predictions from any model should be interpreted cautiously and paired with 574 

experimental verification when used for formulation selection or change assessment [80]. Outside 575 

boundaries (high risk): beyond the validated factor region, neither QbD/RSM nor AI predictions 576 

should be used to justify manufacturing decisions without a new DoE and a renewed validation 577 

package; AI outputs in particular should be treated as research-only unless recalibrated with 578 

additional data [78,81]. Finally, if the workflow is to support regulatory-facing claims, the same 579 

evidence trail used here should be formalized into a concise documentation set—Model 580 

Development, Validation (including calibration diagnostics), Explainability outputs linked to 581 

formulation rationale, and a risk assessment that states the intended use and limitations—thereby 582 

strengthening the credibility of model-informed decisions and facilitating regulatory review [82]. 583 

The present study establishes a decision-centric workflow that couples a QbD-defined 584 

experimental design space with interpretable surrogate modeling to strengthen formulation 585 

selection for ultrasound-triggered, doxorubicin-loaded chitosan microbubbles [1,6]. The 15-run 586 

Box–Behnken DoE created a bounded, mechanistically meaningful knowledge space in which key 587 

formulation trade-offs were experimentally resolved [1,62]. Within this space, regularized 588 



polynomial surrogates evaluated under LOOCV provided high-fidelity learning for composition-589 

dominated CQAs (Size and EE; R² = 0.885 and 0.871), whereas Burst40 was inherently less 590 

predictable (R² = 0.501), consistent with the threshold-like and microstructure-sensitive nature of 591 

cavitation-mediated shell disruption [1,40]. External validation further clarified model utility: 592 

QbD/RSM retained superior calibration for absolute prediction of Size and EE (mean errors 0.120 593 

µm and 0.735% versus AI 0.388 µm and 3.28%), while both approaches showed comparable 594 

residual limitations for Burst40 (mean errors ~4.6–5.1%) [1,43]. 595 

Importantly, despite these calibration differences, the AI-nominated candidates maintained the 596 

intended functional phenotype. The AI-optimized and QbD-optimized formulations both 597 

demonstrated distinct trigger-governed release behavior in vitro (suppressed baseline release 598 

~35% versus ~88–90% under ultrasound) and a corresponding, ultrasound-dependent 599 

enhancement of cytotoxicity in MCF-7 cells with increased apoptotic commitment [1]. Beyond 600 

prediction, the explainability layer provided practical development value by converting model 601 

behavior into auditable formulation levers [6,83]. Convergent SHAP, PFI, PDP, and LIME 602 

readouts consistently implicated chitosan and palmitic acid as primary control variables, with 603 

Pluronic F68 acting predominantly as a stabilizing modifier within the explored ranges [1,6]. 604 

Collectively, these results support a defensible QbD narrative in which the DoE/RSM framework 605 

anchors the validated design space and quantitative baseline, while interpretable AI adds 606 

complementary decision support—improving traceability of choices, enabling consensus-based 607 

prioritization, and reducing selection bias when advancing candidates to experimental verification 608 

[1,73]. 609 

Conclusion  610 

This study introduces a decision-centric workflow that effectively integrates a Quality by Design-611 

defined experimental design space with interpretable surrogate modeling. This approach 612 

significantly strengthens and accelerates the selection of formulations for ultrasound-triggered, 613 

doxorubicin-loaded chitosan microbubbles. 614 

The 15-run Box–Behnken Design of Experiments established a bounded and mechanistically 615 

relevant knowledge space, allowing for the experimental determination of key formulation trade-616 

offs. Within this framework, regularized polynomial surrogates, trained using Leave-One-Out 617 

Cross-Validation, demonstrated high-fidelity prediction for composition-dominated Critical 618 



Quality Attributes such as Size and Encapsulation Efficiency. However, predictability for Burst40 619 

was more modest, reflecting the inherently threshold-like and microstructure-sensitive nature of 620 

acoustic disruption. 621 

External validation revealed that while QbD/Response Surface Methodology models maintained 622 

superior calibration for absolute predictions of Size and EE, both the QbD/RSM and AI-based 623 

approaches encountered comparable limitations in predicting Burst40. Crucially, the AI-624 

shortlisted candidates successfully maintained the intended functional phenotype, exhibiting clear 625 

ON/OFF release behavior and trigger-dependent cytotoxicity in MCF-7 cells with enhanced 626 

apoptotic commitment. 627 

The integrated explainability layer provided practical value by translating complex model 628 

behaviors into auditable design rules. Convergent interpretations from methods like SHAP, PFI, 629 

PDP, and LIME consistently highlighted chitosan and palmitic acid as primary drivers, with 630 

Pluronic F68 serving as a key stabilizing modifier. From the perspective of ICH Q8–Q11 631 

guidelines, this combined workflow offers a robust development narrative. QbD establishes the 632 

foundational design space and quantitative baseline, while interpretable AI complements this by 633 

enhancing decision transparency, facilitating consensus-based prioritization, reducing selection 634 

bias, and strengthening the traceability of formulation choices. 635 

In conclusion, these findings advocate for an integrated approach rather than positioning AI as a 636 

replacement for QbD design-space establishment. Explainable AI surrogates augment QbD by 637 

improving decision transparency and accelerating the progression toward functional and biological 638 

validation. Future refinements should prioritize enhancing the prediction of ultrasound-functional 639 

endpoints through the incorporation of detailed descriptors of shell microstructure and process 640 

history, ultimately strengthening the control strategy development for clinically relevant, trigger-641 

responsive microbubble formulations. 642 
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