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Abstract 

Three-dimensional (3D) bioprinting offers precise spatial control for fabricating cell-laden 

constructs, yet bioink development remains constrained by labor-intensive trial-and-error 

experiments and fragmented reporting. Conventional machine-learning pipelines can support 

quantitative property prediction but generally require structured inputs and therefore do not 

natively use the formulation knowledge embedded in narrative literature. Large language models 

(LLMs), particularly when combined with domain-adapted information extraction, retrieval-

augmented generation (RAG), and knowledge graphs, offer a complementary route for converting 

literature into traceable design evidence. This critical conceptual review examines how these 

technologies could support bioink knowledge extraction, formulation recommendation, and 

design-build-test-learn (DBTL) workflow coordination. Because direct experimental applications 

of LLMs to bioink design remain scarce, we explicitly distinguish demonstrated evidence in 

bioprinting from transferable evidence in biomedical natural-language processing, materials 

informatics, chemistry, and autonomous experimentation, and from prospective biofabrication 

concepts. We outline a provenance-aware Bioink Knowledge Graph (BioKG), clarify the 

complementary roles of LLMs, numerical generative models, Bayesian optimization, computer 

vision, and robotic control, and provide tissue-specific workflow scenarios and a minimum proof-

of-concept evaluation framework. Key limitations include conflicting and heterogeneous evidence, 

cell-type-specific constraints, hallucination, limited benchmark datasets, and the absence of end-

to-end validation. The resulting framework should therefore be interpreted as an evidence-bounded 

research roadmap rather than as a clinically or experimentally validated autonomous bioprinting 

system. 

Keywords: Large language models; 3D bioprinting; Bioink design; Inverse design; Design-Build-

Test-Learn 
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1. Introduction 

Three-dimensional (3D) bioprinting enables the layer-by-layer fabrication of cell-laden constructs 

with spatial control over architecture, composition, and microenvironment, thereby supporting 

tissue models and regenerative strategies that are difficult to achieve using conventional scaffold 

fabrication alone[1–4]. Central to this process is the bioink: a cell–biomaterial formulation that 

must balance rheological behavior suitable for deposition, mechanical stability sufficient to 

preserve post-print geometry, cytocompatibility during fabrication and cross-linking, and tissue-

specific biological function[5,6]. Hydrogel systems based on gelatin methacryloyl (GelMA), 

alginate, hyaluronic acid, and decellularized extracellular matrix (dECM) provide broad 

compositional flexibility, but improvements in printability or shape fidelity can compromise cell 

viability, matrix remodeling, or functional maturation[7–9]. Bioink development therefore remains 

strongly empirical, and cross-study learning is further limited by inconsistent definitions of 

printability, heterogeneous experimental protocols, and non-standardized biological 

endpoints[6,10–12].  

Over the past two decades, biofabrication research has produced a substantial evidence base, 

but much of the information needed for formulation design—including material provenance, 

concentration, cross-linking conditions, printer settings, cell identity, assay method, and 

measurement time point—remains dispersed across narrative text, tables, figures, and 

supplementary files. Conventional machine-learning (ML) methods can identify useful structure–

property relationships when trained on curated numerical datasets. For example, in a dataset of 

210 ink formulations, a random forest classifier achieved a maximum printability classification 

accuracy of 88.1% under the study-specific labeling and validation scheme[10]; related studies 

likewise support the value of ML for formulation and process optimization[5,13–15]. However, 

these performance estimates arise from different tasks, datasets, labels, and validation protocols 

and should not be interpreted as directly comparable benchmarks. Moreover, most conventional 

ML pipelines depend on manually structured inputs and do not themselves recover the 

experimental context encoded in scientific prose. The unresolved bottleneck is therefore not simply 

predictive model capacity, but the conversion of fragmented literature into contextualized, 

machine-readable, and traceable evidence. 

Large language models (LLMs) provide a potentially useful interface to this text-centered 

bottleneck. In biomedical and scientific domains, language models have been applied to 
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information extraction, literature synthesis, retrieval-supported question answering, and 

hypothesis generation[16–21]. For bioink research, the most plausible near-term roles are 

accordingly to extract formulation–process–performance relations, normalize protocol 

descriptions, retrieve condition-matched evidence, identify contradictions and missing metadata, 

and generate testable candidates for evaluation by physics-based models, conventional ML, 

Bayesian optimization, or experiments. These functions do not imply that an LLM can directly 

replace rheological models, numerical generative models, or experimental validation. Importantly, 

direct demonstrations of LLMs in bioink design and bioprinting remain scarce; much of the current 

support comes from adjacent fields such as biomedical natural-language processing, materials 

informatics, biomanufacturing, and autonomous scientific experimentation. Transfer to 

biofabrication must therefore be treated as a hypothesis to be validated rather than as an established 

capability, particularly when recommendations depend on cell type and source, biomaterial 

composition, printing modality, assay conditions, and conflicting evidence. 

Against this background, this critical conceptual review examines three questions: which 

bottlenecks in bioink development are specifically amenable to language-based methods; which 

relevant capabilities have been demonstrated in biofabrication or adjacent scientific domains; and 

how those capabilities could be assembled into a testable Design–Build–Test–Learn (DBTL) 

workflow. Building on our previous ML-focused analysis[13], we use the term "knowledge 

engine" in a functional, rather than standardized taxonomic, sense to describe an LLM-centered 

system that extracts, organizes, retrieves, and synthesizes evidence while preserving provenance 

and experimental context. Figure 1 presents the resulting conceptual architecture, in which 

literature-derived information is extracted and organized in a provenance-aware Bioink 

Knowledge Graph (BioKG), retrieved to ground condition-specific LLM reasoning, and 

synthesized into candidate formulation recommendations for subsequent quantitative prediction 

and experimental evaluation. 
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Figure 1. Conceptual architecture of the proposed literature-to-biofabrication knowledge workflow. Reading 

from left to right, (1) heterogeneous scientific publications provide unstructured source evidence; (2) encoder-only 

transformer models extract entities, relations, coreferences, and document-level categories, with the resulting 

assertions linked to their source provenance; (3) these provenance-linked assertions populate a versioned and 

updatable Bioink Knowledge Graph (BioKG), from which condition-relevant evidence is retrieved to ground a 

generative large language model (LLM); and (4) the retrieval-grounded LLM synthesizes candidate bioink 

components, concentrations, printing parameters, and performance targets for subsequent quantitative prediction and 

experimental evaluation. The dashed return pathway represents the proposed incorporation of quality-controlled 

validation results and performance evidence into the versioned BioKG, from which updated evidence can ground 

subsequent recommendation cycles. This feedback process is prospective and has not yet been validated as part of an 

end-to-end autonomous biofabrication workflow. 

 

This article is positioned as a critical conceptual review rather than a systematic review or meta-

analysis. The literature is organized by function—text extraction, knowledge-graph construction, 

retrieval-grounded recommendation, numerical inverse design, optimization, monitoring, and 

DBTL coordination—and interpreted using three evidence categories that reflect proximity to the 

target domain rather than methodological quality. Category I comprises direct bioink or bioprinting 

studies; within this category, evidence derived from LLMs is explicitly distinguished from that 

generated by conventional ML, computer vision, or control systems. Category II comprises 

transferable evidence from biomaterials, polymer informatics, biomedical natural-language 
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processing, and adjacent biological experimentation, whereas Category III comprises enabling 

demonstrations from general materials science, chemistry, and autonomous laboratories. Evidence 

from Categories II and III is therefore used to support bounded transfer hypotheses or prospective 

workflow concepts rather than established biofabrication capabilities. Because direct LLM-based 

bioink research remains limited, quantitative findings are reported together with their original task, 

dataset, comparator, and validation setting and are not treated as directly comparable across 

domains. Recent publications similarly characterize fully autonomous bioprinting and AI-assisted 

bioink discovery as prospective rather than experimentally established end-to-end 

capabilities[22,23]. 

2. Foundations: LLM Architectures Relevant to Bioprinting 

2.1 Encoder-only transformer models for biomedical text understanding 

Encoder-only transformer models process input sequences through bidirectional self-attention, 

generating dense, context-sensitive token representations that can be fine-tuned on downstream 

tasks—NER, relation extraction (RE), sentence classification—with limited labeled data[24]. 

Transformer-based pre-training, introduced with BERT, demonstrated that massive unsupervised 

text training could yield general-purpose representations transferable to diverse NLP tasks with 

minimal task-specific supervision[25,26]. SciBERT extended this approach to scientific corpora—

training on 1.14 million papers from Semantic Scholar—and achieved new state-of-the-art results 

on sequence tagging, sentence classification, and dependency parsing in scientific domains[26]. 

This pre-train–fine-tune paradigm proved transformative for biomedical NLP: BioBERT, 

initialized from general-domain BERT weights and continued on PubMed abstracts and PubMed 

Central full-text articles, improved over the general-domain baseline by 0.62% F1 on NER, 2.80% 

F1 on RE, and 12.24% MRR on question answering[24]. PubMedBERT pushed further by pre-

training exclusively on PubMed text from scratch, eliminating distributional noise from general 

corpora and reaching state-of-the-art on the BLURB biomedical NLP benchmark[27]. The 

materials science community has followed the same logic: MaterialsBERT, initialized from 

PubMedBERT and trained on 2.4 million materials abstracts, extracted ~300,000 polymer property 

records from 130,000 abstracts in under 60 hours[28]; MatSciBERT outperformed SciBERT 

across NER, relation classification, and abstract classification on materials-domain 

benchmarks[29]. More recently, an NLP framework combining NER with a paragraph-level graph 
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convolutional network (GCN) successfully resolved cross-sentence co-references in bioactive 

glass literature and populated a structured biomedical materials knowledge graph—a proof of 

concept whose transfer to bioink formulation databases requires domain-specific annotation and 

validation[30–32]. 

These precedents define both the opportunity and the boundary for bioprinting. A domain-

adapted encoder trained across biomaterials chemistry, biomedical engineering, and cell biology 

literature could systematically extract composition–property relationships, processing conditions, 

and viability outcomes from the scattered bioprinting corpus at a scale that would be difficult to 

achieve through manual curation alone. The critical constraint, however, is architectural: encoder-

only models are generally confined to classification and extraction over fixed input windows and 

cannot generate novel formulation suggestions or synthesize knowledge across documents. 

Bridging that gap requires the generative architectures discussed in Section 2.2. 

2.2 Generative LLMs and scientific reasoning 

Where encoder-only transformer models classify and extract within fixed input windows, 

generative LLMs—built on autoregressive decoder architectures—produce open-ended text by 

predicting each successive token conditioned on all prior context[25,33]. This mechanism endows 

them with qualitatively different capabilities: in-context learning, whereby the model adapts to a 

new task from a handful of prompt-embedded examples without any weight update; chain-of-

thought (CoT) reasoning, whereby intermediate steps are made explicit to guide multi-step 

inference; and cross-document synthesis, whereby evidence dispersed across sources is integrated 

into a coherent, novel output[16,20]. These emergent properties are precisely what encoder-only 

transformer models generally lack and what the bioprinting knowledge bottleneck demands: the 

ability to reason from partial or heterogeneous evidence toward a formulation hypothesis that has 

not been explicitly tabulated in any single source. 

Proof of concept for this capability now exists in adjacent scientific domains. ChemCrow, an 

agent built around GPT-4 and augmented with 18 expert-designed tools, autonomously planned 

and executed the synthesis of an insect repellent and three organocatalysts, and guided the 

discovery of a novel chromophore—without any task-specific fine-tuning[34]. Coscientist, 

likewise GPT-4-powered, designed, planned, and physically executed a palladium-catalyzed 

cross-coupling reaction in a real laboratory, demonstrating that generative LLMs can close the 

loop between textual reasoning and wet-lab action[35]. A preliminary evaluation of GPT-4 across 
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materials design, drug discovery, and computational chemistry demonstrated that LLMs can 

synthesize scientific knowledge across disciplines and propose testable hypotheses in domains far 

from their explicit training tasks[36]. In the biomedical domain, systematic evaluation on 

literature-held-out datasets confirmed that LLMs can generate novel, validated hypotheses even 

for concepts absent from their training data, with multi-agent interactions further improving the 

diversity and quality of candidates[37]. Laboratory validation in breast cancer combination therapy 

confirmed that LLM-generated drug combination hypotheses yielded biologically active 

candidates at significantly higher rates than random screening[38]. For structured classification 

and NER tasks, fine-tuned encoder-only transformer models retain an edge; but for open-ended 

synthesis, reasoning, and protocol recommendation—precisely the tasks most relevant to bioink 

design—generative LLMs are the appropriate architecture[39,40]. 

The critical liability of generative LLMs, however, is hallucination: the autoregressive next-

token prediction mechanism can produce plausible-sounding but factually incorrect outputs, a risk 

that is especially consequential when recommending cell-laden formulations for tissue engineering 

applications[19,33]. Retrieval-augmented generation (RAG), discussed in the following section, 

addresses this vulnerability directly by grounding generation in verified, domain-specific 

document collections. 

2.3 Retrieval-augmented generation: bridging parametric knowledge and experimental 

evidence 

RAG addresses the core liability of generative LLMs—hallucination arising from reliance on static 

parametric memory—by coupling a neural retriever with the generative model at inference 

time[41,42]. The retriever encodes a curated external corpus into a dense vector index; when a 

query arrives, semantically similar passages are retrieved and injected into the LLM's context 

window, constraining generation to evidence that can be traced back to a source document. This 

non-parametric augmentation allows the model to access up-to-date, domain-specific knowledge 

without retraining, and provides the source-traceability that biomedical applications 

demand[19,43]. In public health question-answering, MEGA-RAG—which combines Facebook 

AI Similarity Search (FAISS)-based dense retrieval, Best Match 25 (BM25) sparse retrieval, and 

biomedical knowledge graph traversal—reported a >40% reduction in hallucination relative to its 

standalone-LLM comparator in a task-specific public-health question-answering evaluation[44]. 
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This result supports the value of grounded retrieval in that setting but does not establish an 

expected reduction for bioink queries. 

A structurally important extension of vanilla RAG is graph-based retrieval, in which the 

retrieval step uses an explicit knowledge graph (KG) in addition to, or instead of, a flat vector 

index[45,46]. Entity–relationship paths can support multi-hop queries in which composition, 

concentration, processing, cell context, and outcome evidence are distributed across documents. A 

dual-pathway approach combines structured KG retrieval with unstructured corpus retrieval and 

has reported improved factual consistency in its original evaluation[47]. These findings motivate 

a BioKG architecture, but neither the task definition nor the effect size can be assumed to transfer 

to bioprinting without a domain-specific benchmark. 

For bioprinting, where evidence is organized around material–process–cell–performance 

relationships, hybrid retrieval provides a plausible knowledge layer. Figure 2 illustrates how this 

layer could support information exchange across a proposed LLM-supported DBTL workflow. 

Within this architecture, the LLM serves as an evidence-synthesis and workflow-coordination 

interface. Medical-image segmentation and tissue reconstruction, printer-executable code 

validation, physical printer control, computer-vision- and sensor-based monitoring, mechanical 

and biological testing, real-time quality assessment, and next-cycle optimization remain distinct 

components that require task-specific validation. 
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Figure 2. Proposed allocation of language-model functions within a DBTL biofabrication cycle. The multiphase 

workflow shows how bounded large language model (LLM) support could be allocated across the biofabrication 

pipeline. (1) Design: Medical imaging inputs, including computed tomography (CT), magnetic resonance imaging 

(MRI), and ultrasound, provide anatomical information. Tissue segmentation and geometric reconstruction are 

performed using separately validated imaging models, while BioKG-supported retrieval provides formulation 

evidence for defining design objectives and constraints. (2) Build: The selected bioink formulation is prepared, and 

an LLM may assist in drafting protocols and structured toolpath specifications. Printer-executable code must 

subsequently be validated, and printing must be performed using approved control logic. (3) Test: Computer vision 

(CV) and sensors generate in-process measurements and may support real-time quality assessment, whereas 

mechanical and structural testing and cell viability and functional assays evaluate printed constructs and biological 

outcomes. The LLM does not replace these measurement systems or physical controllers. (4) Learn: An LLM may 

assist in extracting experimental results, but structured outcomes must be verified before they are incorporated into a 

provenance-linked, versioned BioKG and used to inform subsequent optimization cycles. The circular arrows indicate 

the proposed flow of information across the four stages rather than a currently validated autonomous control loop. 

Integration of all components into an end-to-end LLM-supported DBTL architecture remains prospective. 

 



 

12 

 

2.4 Fine-tuning strategies for domain adaptation in bioprinting 

Both encoder and generative LLMs benefit from domain adaptation, but the scale of modern 

generative models—often exceeding tens of billions of parameters—makes full fine-tuning 

prohibitively expensive in most research settings. Parameter-Efficient Fine-Tuning (PEFT) 

methods address this by freezing the pre-trained weights and updating only a small set of injected 

trainable parameters, typically <1% of the total, thereby reducing GPU memory requirements by 

up to 90% while preserving the general language capabilities encoded during pre-

training[42,48,49]. Among PEFT variants, Low-Rank Adaptation (LoRA) inserts trainable low-

rank decomposition matrices into the attention layers of the frozen backbone and has become the 

dominant approach for domain adaptation of biomedical LLMs: a LoRA-fine-tuned Llama-3-8B 

model achieved strong performance on structured oncology information extraction from clinical 

text, outperforming zero-shot GPT-4 on TNM staging and biomarker identification tasks[50]. 

For bioprinting, the case for PEFT over full fine-tuning is especially compelling. Bioprinting 

datasets are inherently small and heterogeneous: extrusion-based systems generate diverse 

rheological profiles under varying shear conditions, batch-to-batch bioink inconsistencies 

introduce biological noise, and donor-dependent cell responses confound cross-study 

comparisons[51,52]. In this low-resource, high-heterogeneity regime, full fine-tuning risks 

catastrophic forgetting of the general scientific reasoning capabilities that make generative LLMs 

valuable in the first place, while LoRA-style adaptation preserves those capabilities and requires 

only modest curated data to shift the model's behavior toward bioprinting-specific vocabulary and 

reasoning patterns[48,49,53]. An alternative strategy is to combine lightweight PEFT with RAG 

rather than treating them as substitutes: PEFT can adapt terminology and task conventions, 

whereas RAG can provide current, source-linked evidence[42]. Any benefit must be measured on 

a bioink-specific corpus because gains reported in domain-specific question answering are 

dependent on the model, data split, retriever, and task definition. To systematically compare such 

computational paradigms, Table 1 summarizes the key characteristics, pre-training corpora, 

performance benchmarks, and bioprinting readiness across representative encoder-only, generative, 

and hybrid RAG models. 

The quantitative results discussed throughout this review, including those summarized in Tables 

1–3, were obtained using different corpora, tasks, output definitions, comparators, and validation 

schemes. Metrics such as named entity recognition (NER) F1, question-answering accuracy, 
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hallucination rate, retrieval performance, and experimental yield are therefore not commensurate 

and should not be pooled or used to rank systems across studies or model classes. The assessments 

of bioprinting relevance and transferability provided in Tables 1–3 are consequently qualitative 

judgments of potential architectural applicability rather than experimentally validated performance 

estimates for bioink design. 
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Table 1. Comparison of LLM architectures and domain-adapted models relevant to bioprinting research 

Model 
Architecture 

type 
Pre-training corpus Parameters 

Key bioprinting 

task 

Representative 

performance 

Open 

source 

Generation/error risk 

(qualitative) 

Potential relevance to 

bioprinting 

(qualitative) 

Refs 

BERT-base Encoder-only 

English Wikipedia + 

BooksCorpus (3.3B 

tokens) 

110 M 
Baseline 

classification 
— (general domain baseline) Yes 

N/A (non-generative; 

extraction/classification 

errors remain) 

Low potential — 

general-domain 

vocabulary; no direct 

bioink validation 

[25] 

SciBERT Encoder-only 

1.14 M scientific papers 

(Semantic Scholar; 18% 

biomedical) 

110 M 

Scientific NER, 

sentence 

classification 

Outperforms BERT on 

SciERC NER (+3.55% F1) 
Yes 

N/A (non-generative; 

extraction/classification 

errors remain) 

Moderate potential — 

scientific but not 

biomedical-specific; no 

direct bioink validation 

[26] 

BioBERT v1.1 Encoder-only 

BERT init + PubMed 

abstracts + PMC full-text 

(21.3B tokens, 1M steps) 

110 M 
Biomedical NER, 

RE, QA 

+0.62% F1 NER; +2.80% F1 

RE; +12.24% MRR QA vs 

BERT 

Yes 

N/A (non-generative; 

extraction/classification 

errors remain) 

Moderate-to-high 

potential — biomedical 

entities may transfer to 

bioink extraction; no 

direct bioink validation 

[24] 

PubMedBERT Encoder-only 

PubMed-only from-

scratch pre-training (3.1B 

tokens) 

110 M 

Biomedical NLP 

(BLURB 

benchmark) 

BLURB SOTA at release; F1 

0.836 clinical trial NER 
Yes 

N/A (non-generative; 

extraction/classification 

errors remain) 

Moderate-to-high 

potential — biomedical 

and cell-related 

terminology; materials 

vocabulary requires 

domain adaptation; no 

direct bioink validation 

[27] 

MaterialsBERT Encoder-only 

PubMedBERT init + 2.4 

M materials science 

abstracts 

110 M 
Polymer property 

NER and extraction 

~300,000 property records 

from 130,000 abstracts in 

<60 h 

Yes 

N/A (non-generative; 

extraction/classification 

errors remain) 

High potential — 

demonstrated on 

polymer corpora; no 

direct bioink validation 

[28] 

MatSciBERT Encoder-only 

SciBERT init + materials 

science papers (Elsevier, 

Springer) 

110 M 

Materials NER, 

relation 

classification, 

abstract 

classification 

Outperforms SciBERT on all 

three materials benchmarks 
Yes 

N/A (non-generative; 

extraction/classification 

errors remain) 

High potential — 

materials-domain 

model adaptable to a 

bioink schema; no 

direct bioink validation 

[29] 

GPT-4 (zero-

shot) 

Generative 

decoder 

Undisclosed large-scale 

web corpus 
Undisclosed 

Open-ended 

synthesis, 

hypothesis 

generation, protocol 

parsing 

General-purpose synthesis 

and hypothesis generation; 

performance is task- and 

prompt-dependent 

No (API) 

High when used 

without grounding; 

task-dependent 

Moderate potential — 

general-purpose 

reasoning, but no direct 

bioink validation 

[36] 

GPT-4 + 

ChemCrow 

Generative + 

tool-

augmented 

agent 

GPT-4 backbone + 18 

chemistry tools 
Undisclosed 

Autonomous 

synthesis planning, 

chromophore 

discovery 

Novel chromophore 

discovered; insect repellent 

and 3 organocatalysts 

synthesized 

Partial 

(tools 

open) 

Reduced by tool 

grounding but task-

dependent 

Moderate-to-high 

potential — 

transferable agent 

paradigm; no direct 

bioink validation 

[34] 
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Llama-3-8B-

Instruct + 

LoRA 

Generative 

backbone + 

PEFT with 

multi-task 

classification 

heads 

General pre-training + 

oncology-domain LoRA 

adaptation on 10,677 

expert-verified pathology 

reports 

8 B 

Structured oncology 

information 

extraction 

Macro F1 = 0.976 for TNM 

staging, histologic grade, 

and biomarker extraction in 

the study-specific evaluation 

Yes 

Task-dependent; 

structured classification 

heads constrain output 

errors 

Moderate-to-high 

potential — 

demonstrates 

parameter-efficient 

domain adaptation; no 

direct bioink validation 

[50] 

GraphRAG 

Hybrid KG-

traversal + 

LLM 

Entity graph constructed 

from document corpus 

Backbone-

dependent 

Global query-

focused 

summarization and 

corpus-level 

sensemaking 

Improved 

comprehensiveness and 

diversity over naive RAG for 

global sensemaking 

questions; no bioink 

benchmark 

Yes 

(Microsoft) 

Task-, corpus-, and 

retrieval-dependent 

High potential — 

supports graph-based 

evidence integration; 

no direct bioink 

validation 

[45] 

Dual-pathway 

KG-RAG 

Hybrid KG + 

dense 

retrieval 

Structured KG + 

unstructured corpus 

Backbone-

dependent 

Knowledge-

intensive QA 

Improved factual 

consistency in the original 

task; no bioink benchmark 

Partial 
Task-, KG-, and 

retrieval-dependent 

Potentially high — 

requires a bioink-

specific corpus and 

direct validation 

[47] 

BERT, bidirectional encoder representations from transformers; NER, named entity recognition; RE, relation extraction; QA, question answering; PEFT, parameter-efficient fine-

tuning; LoRA, low-rank adaptation; RAG, retrieval-augmented generation; KG, knowledge graph; CoT, chain-of-thought; BLURB, Biomedical Language Understanding and 

Reasoning Benchmark; MRR, mean reciprocal rank. 

Note: Performance values originate from different tasks, datasets, comparators, and validation protocols and are not directly comparable across rows. Relevance assessments are 

qualitative and do not represent validated performance in bioink design or bioprinting. 
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3. LLMs as Knowledge Engines: Extracting Bioink Intelligence from the Literature 

3.1 Named entity recognition (NER) and relation extraction for bioink-property mapping 

The first step in converting the bioprinting literature into a usable knowledge resource is 

information extraction (IE): the identification and structured linking of domain-relevant entities 

within unstructured text. Applied to NLP, IE comprises two complementary subtasks—NER, 

which assigns categorical labels to text spans, and relation extraction (RE), which classifies the 

semantic relationship between identified entity pairs[54,55]. Biomedical text mining, of which 

bioprinting NLP is a subset, has established that transformer-based IE architectures substantially 

outperform rule-based predecessors on complex, domain-specific entity types—a finding 

documented across gene–disease, drug–target, and protein–protein interaction corpora over the 

past decade[56,57]. For bioprinting, NER must span a tripartite vocabulary covering biomaterials 

chemistry (polymer names, concentrations, crosslinkers), rheological characterization (storage 

modulus G′, yield stress σy, shear-thinning index), and biological outcomes (cell viability, 

printability, differentiation markers)—a combination absent from any existing biomedical corpus 

oriented toward genes, proteins, and diseases. 

Evidence from adjacent fields demonstrates the potential transferability of transformer-based IE 

pipelines, while bioink-specific annotation and external validation remain necessary. In polymer 

materials science, a MaterialsBERT-powered pipeline extracted ~300,000 property records from 

~130,000 abstracts in under 60 hours[28]. More directly relevant, a hierarchical NLP framework 

combining LLM-based NER with a paragraph-level GCN for cross-sentence co-reference 

resolution achieved 84.7% accuracy at sentence level and 84.0% at paragraph level on bioactive 

glass literature, extracting composition–synthesis–property triplets into a structured knowledge 

graph[30]—instructive because the linguistic challenges in bioactive glass text (multi-component 

material names, co-referential abbreviations such as "GelMA" and "gelatin methacryloyl", values 

distributed across sentences) closely mirror those in bioink publications. For RE specifically, a 

benchmark evaluation found that GPT-3.5-Turbo fine-tuned with a targeted strategy surpassed all 

baseline models on materials RE tasks, while joint NER and RE using fine-tuned GPT-3 on ~500 

annotated abstracts produced JSON-structured composition/phase/morphology/application 

records with expert annotation time decreasing measurably as training samples increased[58,59]. 



 

17 

 

Three bioink-specific challenges must inform schema design. First, "printability" conflates 

shape fidelity, geometric accuracy, and cell viability inconsistently across research groups[60–63], 

requiring ontology-anchored normalization. Second, the biofabrication window—the trade-off 

between polymer concentration and shear-induced cell stress—is an inherently cross-sentence 

relational concept that sentence-level RE alone cannot capture, precisely the problem GCN-

augmented pipelines address. Third, quantitative value extraction must bind numerical 

measurements (G′ = 1.2 kPa, viability >85%) to their experimental conditions (concentration, 

extrusion pressure, nozzle geometry), a structured extraction task particularly well-suited for few-

shot-prompted generative LLMs. These pipelines collectively provide the technical foundation for 

the BioKG construction addressed in Section 3.2. A detailed evaluation of existing NLP 

information extraction pipelines, their quantitative benchmarks, and their potential transferability 

and associated evidence limits in the bioink domain is presented in Table 2.
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Table 2. NLP information extraction pipelines applicable to bioink literature mining: performance benchmarks and domain transferability 

Model/system NLP task 
Source 

domain 

Training/evaluation 

corpus 
Key quantitative result 

Bioink-relevant 

entity types covered 

Transferability to bioink IE 

(qualitative) 

Ontology/schema 

provided 

Code/data 

availability 
Refs 

BioBERT v1.1 NER, RE, QA 

Biomedical 

(PubMed, 

PMC) 

BC5CDR, JNLPBA, 

NCBI-Disease (NER); 

ChemProt, DDI (RE) 

+0.62% F1 NER; +2.80% 

F1 RE; +12.24% MRR QA 

vs BERT 

Disease, drug, gene, 

chemical 

High potential — chemical and 

biomedical entity types may 

transfer to polymer/cell 

vocabulary; no direct bioink 

validation 

No bioink-

specific schema 

Weights 

public; 

GitHub 

[24] 

PubMedBERT 

NER, RE, 

sentence 

similarity, 

document 

classification 

PubMed 

biomedical 

literature 

BLURB benchmark (8 

tasks, 13 datasets) 

BLURB SOTA; F1 0.836 

on clinical trial NER corpus 

Disease, drug, gene, 

protein, clinical entity 

High potential — aligned with 

biomedical and cell-related 

terminology; materials 

vocabulary requires domain 

adaptation; no direct bioink 

validation 

No 
Weights 

public 
[27] 

MaterialsBERT 

Property NER 

and database 

population 

Polymer 

materials 

science 

2.4 M materials 

abstracts; 130,000 for 

extraction eval 

~300,000 polymer property 

records in <60 h; high recall 

across concentration, Tg, 

bandgap entities 

Polymer name, 

property value, 

processing condition 

High potential — polymer 

concentration and property 

extraction is adaptable to a 

bioink-specific schema; no direct 

bioink validation 

Polymer property 

schema 

(PolymerNLP) 

Model and 

pipeline 

public 

[28] 

MatSciBERT 

NER, relation 

classification, 

abstract 

classification 

Materials 

science 

(Elsevier, 

Springer) 

MatSci-NLP 

benchmark (7 tasks) 

Outperforms SciBERT 

across the evaluated 

materials-domain 

benchmarks 

Material, property, 

characterization 

method, application 

High potential — process-

condition entity types are relevant 

and the schema is adaptable; no 

direct bioink validation 

MatSci-NLP 

schema (open) 

Model 

public 
[29] 

NER + 

paragraph-level 

GCN 

NER + cross-

sentence RE 

Bioactive 

glass 

(biomaterial

s) 

Domain-specific 

bioactive glass corpus 

84.7% accuracy (sentence-

level); 84.0% (paragraph-

level) 

Composition, 

synthesis condition, 

property, application 

High potential — bioactive-glass 

text shares material–process–

property structure with bioink 

publications; no direct bioink 

validation 

Custom KG 

schema (nodes: 

material, process, 

performance) 

Partial [30] 

GPT-3.5-Turbo 

(fine-tuned) 

RE 

benchmark 

evaluation 

Materials 

science 

MaterialsBERT RE 

benchmark 

Surpasses all baseline 

models on materials RE 

tasks 

Material–property 

pairs, material–

application, 

composition–

processing 

High potential — fine-tuning 

strategy and relation types may 

transfer; no direct bioink 

validation 

No API access [58] 

GPT-3 

(NERRE, fine-

tuned) 

Joint NER + 

RE → 

structured 

records 

Materials 

chemistry 

~500 annotated 

materials science 

abstracts 

JSON-structured records 

(composition, phase, 

morphology, application); 

expert annotation time 

reduced significantly 

Composition, phase, 

morphology, 

application 

High potential — the NERRE 

JSON schema is adaptable to 

bioink formulation records; no 

direct bioink validation 

NERRE schema 

(open; JSON) 

Code 

public; 

GitHub 

[59] 

Fine-tuned 

LLM (ORD 

schema) 

Protocol 

extraction 

from synthesis 

text 

Organic 

chemistry 

Open Reaction 

Database (ORD) 

91.25% accuracy on 

reaction information 

extraction; compound IDs, 

mass quantities, reaction 

roles 

Compound name, 

concentration, 

reaction condition, 

role 

High potential — protocol 

structure is analogous to bioink 

methods sections; no direct bioink 

validation 

ORD schema 

(open; machine-

readable) 

Code and 

data public 
[64] 



 

19 

 

Claude 3 Opus, 

GPT-4, 

LLaMA-3 

(benchmarked) 

Synthesis 

condition 

extraction 

from full-text 

MOF 

chemistry 

Full-text MOF 

synthesis papers 

Claude 3 Opus: best overall 

extraction coverage; GPT-4: 

strong on structured fields 

Synthesis condition, 

temperature, solvent, 

time, yield 

Moderate potential — benchmark 

methodology may transfer, but 

MOF synthesis text differs from 

bioink methods; no direct bioink 

validation 

No (evaluation 

schema only) 

Benchmark 

public 
[65] 

NER, named entity recognition; RE, relation extraction; GCN, graph convolutional network; ORD, Open Reaction Database; MOF, metal–organic framework; IE, information 

extraction; NERRE, named entity recognition and relation extraction; JSON, JavaScript Object Notation. 

Note: Quantitative results originate from different information-extraction tasks and evaluation schemes and are not directly comparable. Transferability ratings are qualitative; none 

constitutes direct validation on a bioink-specific corpus. 
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3.2 Construction of BioKG: from unstructured text to structured formulation databases 

The information-extraction (IE) outputs described in Section 3.1—including entity spans, relation 

triples, and quantitative value records—provide the raw material for constructing a BioKG. 

Following the organization shown in Figure 3, the proposed core schema comprises 

Material/Formulation, Process, and Biological/Performance domains, supplemented by cross-

cutting Cell/Experimental Context and Provenance and Quality Metadata. Material/Formulation 

nodes include polymers and precursors, crosslinkers and chemical modifiers, additives and 

nanomaterials, and bioactive factors. Process nodes include printing modality, nozzle geometry, 

temperature, extrusion pressure, print speed, crosslinking conditions, and post-processing. 

Biological/Performance nodes include rheological and mechanical properties, shape fidelity and 

stability, degradation, cell viability and phenotype, and tissue-specific function. Cell information 

should not be reduced to a single “cell type” label: species, tissue source, primary cell versus cell 

line, donor, passage, cell density, culture medium, oxygen conditions, assay method, and post-

print observation time should be encoded as contextual qualifiers. A reported viability or 

performance value should therefore be represented as a condition-specific assertion linking a 

defined formulation and process with the relevant cell context, assay, time point, reported outcome, 

and source, rather than as an unconditional property of the bioink.  

Conflicting findings should be preserved rather than collapsed into a single averaged fact. Each 

assertion should retain its source identifier, experimental conditions, extraction method, study 

design and replication information, reported measurement uncertainty, extraction confidence, and 

curation status. Assertion-level relations can distinguish “supports,” “contradicts,” and “not-

comparable-with” evidence. “Supports” can connect concordant findings obtained under 

sufficiently comparable conditions, whereas “contradicts” can identify discordant findings 

obtained under comparable conditions. “Not-comparable-with” should be used when differences 

in formulation, cell source, printing conditions, assay method, or observation time prevent valid 

direct comparison. A conflict-aware RAG system could then retrieve both concordant and 

discordant evidence, stratify the results according to cell and process context, and identify the 

likely sources of disagreement. Transparent, predefined evidence-quality criteria may assign 

greater confidence to directly measured, adequately replicated, and fully reported experiments, but 

minority, null, and negative findings should remain retrievable and should not be suppressed. This 

provenance-aware representation is particularly important when the same nominal GelMA 
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concentration produces different viability or printability outcomes because the cell source, 

photoinitiator, light dose, nozzle geometry, extrusion pressure, assay, or observation time differs 

across studies. Figure 3 summarizes the proposed BioKG schema, in which the three core domains 

are connected through condition-specific assertions, while cross-cutting cell and experimental 

context, provenance and quality metadata, and assertion-level relations preserve contextual 

comparability and disagreement across studies. 

 

Figure 3. Proposed provenance- and context-aware schema for the BioKG. Core entities are organized into three 

interconnected domains: Material/Formulation, including polymers and precursors, crosslinkers and modifiers, 

additives and nanomaterials, and bioactive factors; Process, including printing modality, nozzle geometry and 

operating parameters, crosslinking conditions, and post-processing; and Biological/Performance, including 

rheological and mechanical properties, shape fidelity and stability, cell viability and phenotype, and tissue-specific 

function. Reported results are represented as condition-specific assertions linking a defined formulation and process 

with the relevant cell context, assay method, observation time point, and reported outcome. Cell and experimental 

context include species and tissue source, primary cell versus cell line, donor, passage, cell density, culture medium, 

oxygen conditions, assay, and observation time. Provenance and quality metadata includes the source identifier, study 

design and replication, measurement uncertainty, extraction confidence, and curation status. Separate assertion nodes 

may be linked by “supports,” “contradicts,” or “not-comparable-with” relations to preserve concordant, discordant, 

and contextually incompatible findings. These typed relations support condition-filtered retrieval and multi-hop graph 

traversal. The proposed schema requires bioink-specific ontology development and domain validation. 
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With these qualifications in place, structured queries could retrieve, for example, gelatin-based 

formulations printed at an extrusion pressure of ≤30 kPa that achieved >85% cell viability for a 

specified cell source, assay method, and observation time, while separately returning studies that 

used incompatible endpoints or experimental contexts. Standardized materials ontologies and the 

FAIR principles provide partial foundations for interoperability[66,67]. Materials-science 

knowledge graphs demonstrate the technical feasibility of literature-scale graph 

construction[68,69], but their transfer to bioink research requires a purpose-built ontology, bioink-

specific annotation guidelines, and domain validation rather than an assumption of equivalent 

performance. 

One of the central obstacles to realizing a BioKG is the absence of a community-endorsed 

ontology and an openly available annotated corpus for the bioink literature—a gap closely related 

to the lack of standardized printability definitions discussed in Section 3.1. Existing materials-

data-science ontologies provide partial scaffolding but do not yet represent bioprinting-specific 

formulation–process–cell–performance relationships at the required level of granularity[66]. The 

Open Research Knowledge Graph (ORKG) and analogous cross-domain infrastructure 

demonstrate the technical feasibility of constructing shared, machine-actionable knowledge 

resources, but comparable progress in bioprinting will require sustained coordination across the 

research community[70]. Development of a BioKG therefore depends on several coordinated 

efforts: community-curated annotation schemas that explicitly represent formulation–process–

cell–performance relationships and biofabrication-window constraints; FAIR-compliant data-

deposition practices that make experimental records machine-readable at the point of publication; 

and iterative LLM-assisted graph population with human verification. The structured record 

extraction demonstrated by the NERRE framework in materials chemistry provides a relevant 

technical precedent for the latter strategy, although its transfer to bioink literature requires domain-

specific annotation and validation[59]. The protocol-extraction approaches discussed in Section 

3.3 could further support this pipeline by converting methods-section text into candidate structured 

graph entries, thereby reducing, rather than eliminating, the need for manual transcription and 

curation. 

3.3 Automated protocol extraction and standardization 

A persistent structural barrier to cross-laboratory knowledge transfer in bioprinting is the 

heterogeneity of experimental reporting. A round-robin study conducted across 12 academic 
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laboratories using standardized extrusion-based printing conditions found that operator-dependent 

variation remained a significant source of inter-laboratory discrepancy, directly limiting the 

comparability of bioink characterization data[71–73]. The ASTM F3659-24 Standard Guide for 

Bioinks, published in April 2024, formalizes definitions and terminology for extrusion-based 

bioprinting but does not yet specify quantitative criteria for printability assessment or experimental 

reporting requirements[74]. In this context, the methods sections of published bioprinting studies 

constitute a largely untapped structured knowledge source: they routinely contain the complete 

parameter set needed for replication—polymer concentration, crosslinker type and concentration, 

printing temperature, nozzle diameter, extrusion pressure, print speed, and post-print crosslinking 

conditions—yet this information is buried in free-text prose and varies in completeness and 

vocabulary across research groups. The Open Reaction Database (ORD), which provides a 

standardized schema for structuring and sharing organic reaction data to enable downstream 

machine-learning applications, demonstrates the downstream value of such infrastructure when it 

is systematically implemented—and provides a direct template for a future Open Bioprinting 

Protocol Database[75]. LLMs offer a potentially scalable extraction approach, although bioink-

specific validation remains necessary. In organic chemistry, a fine-tuned LLM achieved 91.25% 

accuracy on extracting reaction information from synthesis procedure text into structured ORD 

records, including compound identifiers, mass quantities, and reaction roles[64]. In materials 

science, LLM-based pipelines have been benchmarked on extracting synthesis conditions for 

metal–organic frameworks from full-text papers, with Claude 3 Opus providing the most complete 

extraction coverage across diverse synthesis paragraphs[65]. Applied to bioprinting, analogous 

pipelines could systematically parse methods sections to populate structured protocol records—

converting "GelMA (10% w/v; photoinitiator: 0.5% w/v; UV crosslinking: 30 s at 365 nm; nozzle: 

25G; pressure: 40 kPa)" into machine-readable entries directly ingested by the BioKG described 

in Section 3.2. 

The broader value of automated protocol extraction lies not only in database population but in 

enabling reproducibility at scale. When extracted protocol records are cross-referenced against 

reported outcomes—printability scores, shape fidelity indices, and viability percentages—the 

resulting dataset could support data-driven identification of parameter combinations that are under-

reported or systematically confounded across the literature, an analysis that is difficult to perform 

manually at bioprinting-literature scale. Furthermore, verified LLM-extracted protocols could 
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provide structured inputs for separately validated robotic workflows. Translation into printer-

executable instructions would still require syntax validation, hardware-specific constraints, 

simulation or dry-run checks, and human approval. 

4. LLM-Driven Bioink Design: From Knowledge Retrieval to Formulation 

Recommendation 

4.1 RAG-enhanced formulation recommendation systems 

The BioKG constructed in Section 3 provides a structured retrieval substrate for a proposed RAG-

enhanced bioink recommendation system. When a researcher specifies a tissue application and 

performance envelope, the system can retrieve formulation assertions together with their material, 

process, cell, assay, and provenance metadata, and pass the evidence to a generative LLM for 

synthesis[42,43] Outputs should include claim-level citations, compatibility warnings, and a 

separation between directly reported values and model-generated extrapolations. When studies 

disagree, the system should present the competing results and their contextual differences rather 

than generate a single apparently authoritative value. Such traceability is an architectural objective 

that must be evaluated through citation precision, evidence coverage, contradiction recall, and 

expert review; it is not guaranteed merely by adding RAG. Evidence from nanostructured 

biomedical materials supports the feasibility of domain-specific retrieval and iterative query 

refinement[76], but performance in two-photon polymerization literature cannot be assumed to 

transfer unchanged to cell-laden bioinks. 

Two limitations of RAG in this context deserve explicit acknowledgment. First, retrieval quality 

degrades when a corpus is sparse, heterogeneous, or poorly indexed—a systemic challenge in 

biofabrication, where experimental reporting remains unstandardized and parameter definitions 

vary across laboratories[43]. Second, the retrieval component cannot supply evidence that is absent 

from the documented design space. A generator may still extrapolate beyond retrieved records, but 

such output is no longer literature-grounded and must be labeled and experimentally tested. Table 

3 therefore compares representative retrieval architectures only within their original evaluation 

domains; the table is not a cross-study ranking of expected bioink performance.
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Table 3. Representative RAG systems in biomedical and materials domains: architecture, retrieval strategy, and relevance to BioKG-powered 

bioink recommendation 

System 
Retrieval 

mechanism 

Knowledge 

source 

LLM 

backb

one 

Domain of 

evaluation 

Hallucination 

metric 

Performance 

gain/reduction (study-

specific) 

Source 

traceabili

ty 

Multi-

hop 

capability 

Relative 

latency 

(qualitat

ive) 

Open 

impleme

ntation 

Potential BioKG 

relevance 

(qualitative) 

Refs 

Naive 

RAG 

Dense passage 

retrieval (DPR; 

FAISS index) 

Unstructured 

text corpus 

BART

/T5 

Knowledge-

intensive NLP 

(NaturalQuesti

ons, TriviaQA) 

Factual 

accuracy on 

open-domain 

QA 

Improved performance 

over parametric sequence-

to-sequence baselines on 

several knowledge-

intensive QA tasks; gains 

varied by dataset 

Retrieved 

passages 

available; 

explicit 

citation 

generation 

is not 

intrinsic 

No Fast 

Yes 

(Hugging 

Face) 

Partial — flat retrieval 

may be insufficient 

for multi-constraint 

bioink queries; no 

direct bioink 

validation 

[41] 

MEGA-

RAG 

Hybrid: FAISS 

dense + BM25 

sparse + biomedical 

KG traversal 

PubMed + 

biomedical 

KG 

GPT-

3.5 

Public health 

QA 

Hallucination 

rate (human 

annotation) 

>40% hallucination 

reduction versus a 

standalone LLM in the 

reported public-health QA 

evaluation; improved 

precision, recall, and F1 

Yes 

(PubMed 

PMIDs) 

Partial 

(KG 

traversal) 

Moderate Partial 

Moderate-to-high 

potential — combines 

hybrid retrieval and 

KG traversal; no 

direct bioink 

validation 

[44] 

GraphR

AG 

Community 

detection + 

hierarchical graph 

summarization 

Entity graph 

constructed 

from corpus 

GPT-4 

Global query-

focused 

summarization 

and corpus-

level 

sensemaking 

Comprehensive

ness and 

diversity 

assessed by 

task-specific 

human/LLM 

judgments 

Improved 

comprehensiveness and 

diversity over naive RAG 

for global sensemaking 

questions; no bioink 

evaluation 

Entity-

level 

graph 

evidence 

Graph-

based 

traversal 

Slower 

Yes 

(Microso

ft, open-

source) 

Moderate-to-high 

potential — graph-

based evidence 

integration may 

support material–

process–performance 

queries; direct 

validation required 

[45] 

Dual-

pathway 

KG-

RAG 

Parallel: structured 

KG entity-path + 

unstructured dense 

retrieval 

Pre-built KG 

+ text corpus 
GPT-4 

Knowledge-

intensive QA 

Task-specific 

factual-

consistency and 

hallucination 

evaluation 

Reported improvement 

over standard RAG in the 

original task; the effect 

size is not transferable to 

bioprinting 

KG 

path/triple 

plus 

retrieved 

text 

Yes (KG 

path 

reasoning) 

Moderate Partial 

High potential — dual 

retrieval may suit 

BioKG-supported 

literature synthesis; 

direct validation 

required 

[47] 

LLaMA

-2 + 

LoRA + 

RAG 

BM25 sparse 

retrieval 

PubMedQA 

corpus 

LLaM

A-2-

7B 

Biomedical QA 

(PubMedQA, 

MedMCQA) 

Accuracy on 

multiple-choice 

QA 

71.8% PubMedQA 

accuracy versus a 55.4% 

zero-shot baseline; 

approximately 60% fewer 

unsupported statements in 

the reported evaluation 

Passage 

citation 
No Fast Partial 

Moderate potential — 

demonstrates task-

specific PEFT and 

RAG benefits; no 

direct bioink 

validation 

[77] 

Nanostr

uctured 

material

s RAG 

Agent-based 

iterative RAG with 

dynamic query 

refinement 

Two-photon 

polymerizati

on literature 

GPT-4 

Nanostructured 

biomedical 

material–cell 

interaction QA 

Task-specific 

answer 

relevance, 

precision, and 

Improved answer 

relevance and reduced 

misinformation in the 

study-specific evaluation 

Yes 

(publicati

on-level) 

Partial Moderate No 

High potential — a 

materials-focused 

analogue, but no 

[76] 
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misinformation 

evaluation 

direct bioink 

validation 

Self-

reflectiv

e RAG 

Adaptive retrieval 

(model decides 

when to retrieve) 

General 

corpus 

LLaM

A-2 

Open-domain 

QA and fact 

verification 

Factuality and 

citation support 

on open-domain 

tasks 

Improved factuality and 

citation support in the 

original benchmarks; no 

clinical or bioink 

validation 

Yes (cited 

passages) 
Partial Variable Yes 

Moderate potential — 

adaptive retrieval may 

help with variable-

complexity bioink 

queries; direct 

validation required 

[78] 

KG-

RAG 

Knowledge-graph 

retrieval combined 

with text retrieval 

Custom 

knowledge 

graph 

GPT-

based 

Knowledge-

intensive QA 

Task-specific 

factual 

consistency and 

precision 

Reported gains over a 

conventional RAG 

baseline in the original 

task; no bioink validation 

Source 

traceabilit

y depends 

on the 

implement

ation 

Potential 

multi-hop 

retrieval 

Moderate

-high 
Partial 

Moderate-to-high 

potential — 

knowledge-graph 

retrieval may support 

BioKG queries; direct 

validation required 

[79] 

RAG, retrieval-augmented generation; KG, knowledge graph; DPR, dense passage retrieval; BM25, Best Match 25 (sparse retrieval); FAISS, Facebook AI Similarity Search; GNN, 

graph neural network; LoRA, low-rank adaptation; PEFT, parameter-efficient fine-tuning; QA, question answering; BioKG, bioink knowledge graph. 

Note: Performance metrics, latency labels, and comparisons are study-specific and should not be used to rank systems across rows. BioKG relevance is a qualitative transfer hypothesis, 

not validated bioink performance. 
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4.2 Generative AI for inverse bioink design 

RAG systems retrieve and synthesize existing records, whereas numerical generative models can 

sample candidate formulations that were not directly observed. These model classes should not be 

conflated. Variational autoencoders (VAEs), conditional VAEs (cVAEs), generative adversarial 

networks (GANs), and diffusion models learn numerical or molecular distributions and are the 

appropriate engines for composition generation under quantitative constraints. By contrast, a 

generative LLM operates primarily on language and symbolic representations; it can extract 

constraints, integrate literature, generate hypotheses, explain trade-offs, or prepare structured 

inputs, but it should not substitute for a validated numerical generator or property predictor. In 

inverse bioink design, the target space spans rheology, viability, phenotype, shape fidelity, and 

tissue-specific function, and candidate generation must remain coupled to quantitative validation. 

The central limitation of numerical generative approaches in the bioink context is data volume 

and consistency. LLMs may assist as data curators, constraint extractors, and hypothesis generators 

that seed an active-learning loop, but LLM-generated pseudo-records must be labeled as synthetic 

and must not be treated as experimental observations. Their value should be tested against 

baselines that use the same measured dataset without LLM augmentation. This division of labor—

language models for evidence integration and proposal, numerical models for constrained 

generation and prediction, and experiments for adjudication—is the most defensible near-term 

architecture[80–85]. 

4.3 Multi-objective optimization of bioink formulations via LLM-guided active learning 

The central challenge of bioink formulation is not finding a composition that maximizes any single 

property but navigating a Pareto frontier between competing objectives: higher polymer 

concentration may improve filament stability and shape fidelity but can increase viscosity, the 

required extrusion pressure, and cellular shear exposure; similarly, stiffer gels can improve 

structural stability while restricting cell spreading and matrix remodeling[86,87]. Classical 

Bayesian optimization (BO) addresses multi-objective formulation problems by maintaining a 

probabilistic surrogate model over the design space and selecting the next experiment using an 

acquisition function that balances exploration and exploitation[88,89]. BO has been benchmarked 

across several experimental materials domains, including carbon nanotubes, silver nanoparticles, 

perovskites, and additively manufactured polymer structures, illustrating its potential to improve 
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experimental efficiency under domain-specific conditions[90]. Evidence for direct LLM-driven 

experimental design remains mixed. Gupta et al. found that LLM agents were insensitive to 

experimental feedback and were generally outperformed by classical optimization methods, 

whereas a hybrid strategy that separated LLM-derived prior guidance from data-driven candidate 

acquisition achieved competitive performance[91]. These findings support using LLMs to provide 

prior knowledge and search-space guidance rather than replacing the surrogate model or 

acquisition function. In a wet-laboratory pharmaceutical reaction study, ChemBOMAS identified 

a 96% yield condition, whereas a chemist using a traditional control-variable strategy achieved 

15%[92]. This comparison was not against domain-agnostic BO and was not performed in 

bioprinting; it therefore demonstrates task-specific feasibility in chemistry rather than an expected 

effect size for bioink optimization. LABO likewise provides evidence that LLM predictions can 

act as low-cost auxiliary observations within BO, but its results remain domain- and benchmark-

dependent[85]. This proposed active-learning architecture—coupling an LLM agent with 

Bayesian optimization to navigate multi-objective bioink design trade-offs—is schematically 

illustrated in Figure 4. Within this proposed division of responsibilities, the LLM retrieves and 

synthesizes prior evidence and suggests candidate regions or search-space constraints, whereas the 

BO surrogate model and acquisition function determine which experiments should be performed 

next. Whether this hybrid strategy can reduce the experimental burden relative to random, grid-

based, or conventional BO strategies requires direct benchmarking using bioink-specific datasets 

and experimental workflows. 

 

 



 

29 

 

 

Figure 4. Proposed LLM-assisted active-learning workflow using Bayesian optimization for multi-objective 

bioink formulation. (1) Prior evidence and constraints: Retrieval-augmented generation (RAG) over the Bioink 

Knowledge Graph (BioKG) and relevant literature retrieves reported formulation ranges, identifies domain constraints, 

and preserves source provenance. (2) LLM-assisted search-space guidance: The LLM interprets multi-objective 

design goals, suggests candidate regions, proposes initial candidate pools, and flags extrapolations or unsupported 

assumptions. These outputs remain subject to human or rule-based review and provide prior guidance rather than 

replacing quantitative optimization. (3) Bayesian optimization loop: An uncertainty-aware surrogate model, such as a 

Gaussian process (GP), random forest (RF), or appropriately calibrated neural network (NN), estimates the objective 

functions and their uncertainty. An acquisition function uses these estimates to select candidate formulations for 

experimental evaluation. The measured outcomes are subsequently used to update the surrogate model and estimated 

Pareto frontier, supporting iterative navigation of trade-offs such as those between printability or shape fidelity and 

cell viability. (4) Update and learn: Quality-controlled experimental results update the provenance-aware BioKG, 

refine formulation constraints and parameter ranges, and enable assessment of Pareto improvement and remaining 

uncertainty. Verified outcomes then inform evidence retrieval and search-space guidance in the subsequent iteration. 

LLM-derived guidance supports but does not replace Bayesian optimization, experimental measurement, or domain 

validation. The complete workflow is a proposed architecture and has not been validated as an end-to-end bioink-

optimization system. 

 

5. Integrating LLMs into the Biofabrication Workflow: Toward DBTL Automation 

5.1 LLMs in the Design phase: hypothesis generation and target-to-blueprint translation 

The Design phase of the DBTL cycle encompasses two analytically distinct tasks for bioprinting: 

generating candidate hypotheses about which formulations may satisfy a target application, and 

translating a clinical or tissue-engineering specification into a concrete fabrication blueprint. In 

adjacent biomedical and materials domains, LLMs have shown measurable capacity for the first 

task: evaluation on biomedical literature found that LLMs could generate externally testable 



 

30 

 

hypotheses for concepts withheld from the supplied literature, with multi-agent configurations 

improving candidate diversity and acceptability[37]. In materials discovery, the goal-driven 

ACCELMAT agent system combined a Hypothesis Generator, multiple critic models, and an 

Evaluation Agent to generate and refine hypotheses on a structured benchmark[93]. These studies 

support hypothesis generation as a transferable capability, not as direct validation in bioink design. 

Applied prospectively, an analogous pipeline could combine a target tissue profile with BioKG 

evidence to generate bounded formulation hypotheses. Vascular tissue engineering is an instructive 

example because perfusable lumen formation requires rapid stabilization of channel geometry 

while maintaining endothelial-cell viability under extrusion-induced shear stress[94,95]. 

For the second task, a recent review described AI-assisted integration of multimodal computed 

tomography and magnetic resonance imaging data with 3D-printing workflows for anatomical 

segmentation, reconstruction, and process planning[96]. These functions are performed by 

dedicated imaging and geometric-processing models rather than by language models alone. 

Connecting patient-specific radiological data to tissue specifications and then matching those 

specifications to BioKG-supported bioink candidates is therefore a prospective research direction; 

no cited study demonstrates an end-to-end multimodal LLM pipeline that converts clinical images 

into validated bioprinting instructions. 

5.2 LLMs in the Build and Test phases: protocol automation and quality assessment 

The Build phase converts the design blueprint into a physical print. LLMs can assist with extracting 

and drafting protocol records, but conversion into printer-executable parameter files or G-code 

requires a separately validated translation layer, syntax and range checks, hardware-specific 

constraints, simulation or dry runs, and human authorization; direct end-to-end LLM validation 

for this task in bioprinting has not yet been established. The Test phase requires real-time 

assessment of print quality against the intended design. Here, the dominant AI approach is 

computer vision rather than language modeling: convolutional-neural-network-based systems 

have been used to detect and correct extrusion anomalies in bioprinting settings[97,98]. A modular 

in situ monitoring platform using the Segment Anything Model (SAM) as a segmentation 

backbone enabled layer-by-layer assessment of embedded bioprints without modifying the support 

bath, providing proof of concept for printer-agnostic quality monitoring[99]. 

The role of LLMs in the Test phase is to interpret structured outputs from validated computer-

vision (CV) and sensor models, document possible causes, retrieve relevant corrective evidence, 
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and propose candidate adjustments for human or rule-based approval. This role must not be 

conflated with real-time control: an LLM is not itself a sensor, deterministic controller, or actuator. 

Any online adjustment requires bounded control logic, latency and safety testing, and a predefined 

fallback state. Thus, CV performs spatial detection, control software executes validated parameter 

changes, and the LLM provides evidence-grounded coordination and explanation[100].  

5.3 LLMs in the Learn phase: closing the loop with automated knowledge update 

The Learn phase closes the DBTL cycle by converting validated experimental outcomes into 

structured records and model updates. In biological optimization systems, automated testing can 

still require human intervention when results must be interpreted and mapped to reusable 

knowledge[101]. LLM–RAG methods have been explored for identifying outdated knowledge-

graph triples and proposing updates from retrieved evidence[102]. In a future bioprinting 

implementation, a completed experiment could be parsed into candidate formulation–process–

outcome assertions, but numerical values, units, assay context, and provenance would require 

automated validation rules and human verification before graph insertion. Dynamic knowledge 

graphs provide a possible memory substrate for accumulating such verified experimental 

records[103]. 

If each update is quality-controlled, verified, and stored with appropriate provenance, iterative 

Learn-phase records could progressively expand the coverage and traceability of the BioKG and 

increase the evidence available to subsequent Design cycles. This constitutes between-run learning 

rather than autonomous closed-loop control. Autonomous in-process feedback would additionally 

require measurements acquired during the same fabrication run to trigger validated state estimation, 

safety checks, and physical adjustments through deterministic or human-approved control logic. 

Figure 5 therefore distinguishes a proposed in-process Action Loop for bounded execution, 

monitoring, and validated adjustment from a between-run Verified Data Loop for evidence 

extraction, review, and versioned BioKG updating. 
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Figure 5. Proposed dual-loop architecture separating in-process execution and monitoring from between-run 

evidence accumulation in progressively automated biofabrication. In the proposed in-process Action Loop (left), 

approved tissue specifications and process parameters are translated by deterministic planning and control software 

into printer actions. Computer vision (CV) and sensors acquire process measurements, while separately validated 

defect-detection and state-estimation models identify deviations. Physical parameter adjustments are authorized only 

through validated control rules operating within predefined safety limits; an unconstrained large language model 

(LLM) does not directly control the printer. Instead, an LLM may support evidence retrieval, documentation, and 

bounded tool calls within predefined permissions. Printed constructs and associated process records are transferred 

from the Action Loop to the between-run Verified Data Loop (right), where experimental assays and 

characterization—including omics, imaging, mechanical testing, and biological measurements—generate candidate 

evidence records. LLM-assisted information extraction may convert these records into condition-specific assertions. 

Before incorporation into the BioKG, however, the extracted assertions must undergo validation of units, experimental 

context, provenance, uncertainty, and conflicting evidence, together with human or curator review. Quality-controlled 

assertions may then be incorporated into a versioned BioKG and used to inform approved specifications and 

parameters in subsequent experimental runs. This return pathway represents between-run learning rather than 

autonomous real-time closed-loop control, and the complete architecture remains prospective rather than an 

experimentally validated end-to-end system. 
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5.4 Case scenarios: LLM-assisted bioink development for representative tissue targets 

The following scenarios are illustrative workflow specifications, not reports of completed LLM-

guided bioink experiments. Each applies the same evidence-bounded pipeline—context definition, 

conflict-aware retrieval, candidate generation, numerical optimization, experimental testing, and 

provenance-preserving update—to a different biological target. 

5.4.1 Vascular tissue engineering: maintaining lumen patency while protecting endothelial 

cells 

Input and retrieval. The user specifies vessel diameter, target compliance, printing modality, 

endothelial cell source, assay time point, and an acceptable extrusion-pressure range. The BioKG 

retrieves GelMA–alginate, fibrin–gelatin, and related coaxial records, but stratifies them by nozzle 

geometry, crosslinking sequence, cell density, light or ionic dose, and viability assay. Conflicting 

lumen-patency or viability results are displayed with their conditions rather than 

averaged[87,94,95].  

Design, build, test, and learn. The LLM converts the evidence into explicit constraints and 

proposes a bounded candidate set; a multi-objective BO model selects experiments that maximize 

endothelial viability and lumen patency while minimizing pressure and gelation time. Coaxial 

printing and post-print assays quantify lumen diameter, wall thickness, short-term viability, VE-

cadherin expression, and perfusability. Only measured results are added to the BioKG, with 

failures and negative outcomes retained to reduce publication and survivorship bias. 

5.4.2 Skin and wound repair: cell-resolved, multi-material formulation planning 

Input and retrieval. The specification distinguishes epidermal keratinocytes from dermal 

fibroblasts and records their source, passage, density, medium, oxygen exposure, and assay 

schedule. Retrieval covers dECM, fibrin, collagen, GelMA, and hyaluronic-acid systems while 

preserving dECM tissue source and batch characterization. The system flags studies in which 

“viability” was measured with different assays or at incompatible time points[104–109].  

Design, build, test, and learn. The LLM proposes a zone-specific sequence and hands numerical 

concentration and process variables to a cVAE or BO module. A multi-nozzle experiment evaluates 

print fidelity, keratinocyte differentiation, fibroblast migration, collagen deposition, and barrier 

function. Updates are recorded as cell- and zone-specific assertions; a single overall viability score 

is not used to represent both compartments. 

5.4.3 Tumor microenvironment models: prioritizing biological fidelity over printability alone 
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Input and retrieval. The query specifies tumor type, stromal and immune-cell composition, 

matrix-stiffness range, oxygen gradient, culture duration, and functional readouts. The BioKG 

links collagen, Matrigel, alginate–gelatin, and stiffness-gradient records to hypoxia, immune 

infiltration, and spatial-omics evidence, while distinguishing native-tissue observations from 

bioprinted-model measurements[110–114]. 

Design, build, test, and learn. Candidate formulations are ranked for both manufacturability and 

preservation of the intended tumor phenotype. Experiments quantify geometric fidelity together 

with hypoxic-zone extent, HIF-1α, immune-cell distribution, cytokines, and spatial gene-

expression patterns. The Learn phase records where a formulation fails to reproduce the target 

phenotype; printability without biological fidelity is treated as an unsuccessful outcome. 

Table 4 compares these three scenarios using common DBTL dimensions while preserving 

tissue- and cell-specific constraints. 
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Table 4. Illustrative LLM-assisted DBTL workflow requirements and constraints for three representative tissue-engineering targets 
DBTL Optimization 

Dimension 
Vascular tissue engineering Skin/wound repair bioprinting Tumor microenvironment (TME) modeling Refs 

Representative bioink 

systems 

GelMA–alginate (coaxial); fibrin–gelatin; 

Alg/HA/Gel 

dECM–fibrin; GelMA–HA; collagen–fibrin 

multi-layer 

Stiff ECM mimic (collagen I + Matrigel); alginate–

gelatin with tunable stiffness gradient 

[88,94,1

06–

109,114

] 

Illustrative 

mechanical and 

transport constraints 

Compliant construct, stable lumen geometry, and 

a formulation-specific gelation window; no 

universal G′ target 

Layer-specific mechanics and barrier function; 

targets depend on tissue source, construct design, 

and assay conditions 

Matrix stiffness and oxygen transport matched to 

the tumor model; targets are tumor-, cell-, and 

assay-dependent 

[87,94,1

06–114] 

Critical formulation 

challenge 

Biofabrication window is narrow: gelation must 

be rapid enough to maintain lumen geometry yet 

slow enough to avoid nozzle blockage; 

endothelial cell viability under coaxial extrusion 

shear 

Multi-material co-culture: keratinocyte and 

fibroblast compartments require spatially distinct 

formulations; dECM batch variability confounds 

reproducibility 

Recapitulating hypoxic gradients and ECM-

immune cell interactions simultaneously; stiffness 

must be tunable without compromising cell 

encapsulation 

[94,95,1

07,111] 

Key parameters for 

LLM-BioKG query 

Gelation time; lumen and coaxial-nozzle 

dimensions; endothelial-cell species/source, 

passage, density, medium, viability assay and 

time point; G′ at physiological temperature 

Keratinocyte and fibroblast source, passage, 

density, medium, oxygen exposure, viability 

assay and time point; migration; dECM tissue 

source and batch; crosslinking homogeneity; 

spatial resolution 

Tumor, stromal, and immune-cell source and ratio; 

passage; oxygen conditions and culture duration; 

collagen concentration; oxygen diffusivity; 

modulus; immune infiltration; hypoxic-zone 

fraction 

[94,95,1

06,107,1

10,111] 

LLM hypothesis 

generation priority 

Retrieve condition-matched GelMA–alginate and 

coaxial records; present concordant and 

conflicting evidence; propose bounded 

crosslinking-kinetics variants 

Synthesize dECM and fibrin literature while 

preserving tissue source, batch, cell, and assay 

context; propose zone-specific formulation 

sequences 

Integrate ECM biochemistry, spatial-omics, and 

rheology evidence while distinguishing native-

tissue observations from bioprinted measurements; 

propose candidate stiffness-gradient formulations 

[27,59,9

4,106,10

7,110,11

1] 

Multi-objective BO 

Pareto objectives 

Maximize endothelial viability and lumen 

patency; maintain gelation time within a 

predefined feasible window; minimize extrusion 

pressure subject to safety and printability 

constraints 

Maximize cell-type-specific viability, migration, 

differentiation, and barrier function; minimize 

between-batch performance variance and 

crosslinking heterogeneity 

Maximize tumor-phenotype and hypoxia-profile 

fidelity; minimize deviation from prespecified 

matrix-stiffness and spatial oxygen targets 

[86–91] 

DBTL Build phase 

specifics 

Coaxial or core–shell extrusion under 

formulation-specific temperature and crosslinking 

conditions 

Multi-nozzle or multi-material deposition 

followed by formulation-appropriate thermal, 

enzymatic, ionic, or photo-crosslinking 

Extrusion or multi-material deposition, with 

sacrificial or embedded support where required by 

geometry and formulation 

[94,95,1

06–

109,114

] 

DBTL Test-phase 

imaging, structural, 

and functional metrics 

Lumen diameter and wall-thickness uniformity 

using validated imaging and segmentation; 

endothelial monolayer integrity and perfusability 

Epidermal/dermal layer thickness; barrier 

function; re-epithelialization; cell-type-specific 

viability and differentiation 

Hypoxic-zone extent; spheroid compaction; 

immune-cell spatial distribution; tumor-phenotype 

markers 

[94,95,9

7,99,108

–114] 

DBTL Learn phase 

BioKG update 

Condition-specific viability–gelation, lumen-

geometry, and crosslinking–mechanics assertions 

with provenance, uncertainty, and failed 

outcomes retained 

Cell- and zone-specific formulation–viability 

assertions, dECM source–property records, and 

print-sequence outcomes with provenance and 

conflicts retained 

Condition-specific stiffness–immune-infiltration, 

spatial-omics, and oxygen-gradient assertions with 

provenance and failed outcomes retained 

[101–

103,110

] 

Primary biological 

validation readouts 

Endothelial cell tube formation (angiogenesis 

assay); NO production; VE-cadherin expression 

Keratinocyte differentiation markers (KRT10, 

involucrin); fibroblast collagen secretion (Col I, 

Col III) 

Hypoxia-inducible factor 1α (HIF-1α); PD-L1 

expression; cytokine profile (IL-6, TNF-α, IFN-γ) 

[94,95,1

06,107,1

11] 
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Key unresolved 

knowledge gap for 

LLM 

Sparse coaxial bioprinting records in BioKG; 

crosslinking kinetics data rarely reported in 

machine-readable format 

dECM characterization endpoints inconsistent 

across sources; no community consensus on 

keratinocyte–fibroblast co-culture viability 

definition 

Spatial omics–bioink integration at very early 

stage; no benchmark dataset linking formulation to 

quantitative TME recapitulation metrics 

[52,71,1

10,111] 

Proposed 

computational 

architecture (not yet 

validated for the 

stated use case) 

BioKG-grounded RAG and LLM-supported 

constraint definition coupled to numerical multi-

objective BO 

BioKG-grounded RAG and LLM-supported 

evidence synthesis coupled to cVAE or BO for 

numerical candidate generation 

BioKG-grounded RAG and spatial-omics-informed 

evidence synthesis coupled to numerical inverse 

design or BO 

[42,45,7

6,80,88–

91] 

G′, storage modulus; GelMA, gelatin methacryloyl; HA, hyaluronic acid; dECM, decellularized extracellular matrix; DBTL, design–build–test–learn; BioKG, bioink knowledge 

graph; BO, Bayesian optimization; cVAE, conditional variational autoencoder; RAG, retrieval-augmented generation; CV, computer vision; SAM, Segment Anything Model; OCT, 

optical coherence tomography; TEER, transepithelial electrical resistance; HIF-1α, hypoxia-inducible factor 1α; TME, tumor microenvironment; NK, natural killer. 

Note: These entries are illustrative workflow specifications, not reports of completed LLM-guided bioink experiments. Numerical targets, fabrication settings, and biological 

endpoints require condition-matched evidence and prospective validation for each use case. 



 

37 

 

5.5 Minimum proof-of-concept implementation and evaluation framework 

A minimum viable demonstration could begin with a bounded corpus of open-access extrusion-

bioprinting papers focused on one material family and one cell class. A manually annotated subset 

would define entities, relations, numerical-condition bindings, cell metadata, and contradictory 

assertions. An encoder-only extraction pipeline, followed by terminology normalization, entity 

linking, and duplicate resolution, would populate a small property graph; hybrid text and graph 

retrieval would return condition-matched evidence; and a generative LLM would produce a 

structured recommendation containing candidate ranges, supporting and conflicting citations, 

uncertainty flags, and an explicit statement of extrapolation. 

Evaluation should separate pipeline components. Information extraction should be assessed 

with entity- and relation-level precision, recall, and F1 scores, together with numerical value-unit-

condition binding accuracy. Retrieval should be assessed with Recall@k, expert-judged evidence-

context compatibility, and contradiction-retrieval precision, recall, and F1. Generation should be 

assessed with claim-level citation correctness and completeness, unsupported-claim rate, 

confidence calibration using predefined confidence outputs and an appropriate calibration metric, 

and blinded expert review. A prospective formulation test should then compare an LLM-assisted 

workflow with a matched BO-only baseline using the same initial data, search space, and 

experimental budget; where feasible, a manual literature-search-plus-BO baseline should also be 

included. Relevant endpoints include the number of candidates satisfying prespecified feasibility 

constraints, the number of experiments required to reach a prespecified target, cell-type-specific 

viability, shape fidelity, reproducibility across batches, and the frequency of unsafe or infeasible 

recommendations. No end-to-end results of this kind are claimed in the present review; the 

framework defines what would constitute a credible proof of concept. 

6. Evidence Boundaries, Translational Challenges, and Research Priorities 

6.1 Limitations of the evidence base 

The principal limitation of this review is the immaturity of the direct evidence base. Most published 

demonstrations concern biomedical NLP, polymer or materials informatics, chemical optimization, 

computer vision, or autonomous experimentation rather than LLM-guided bioink formulation 

followed by bioprinting and biological validation. Transfer across these domains is plausible but 

not guaranteed because bioinks couple time-dependent rheology, living cells, culture conditions, 
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and tissue-specific function. This review is therefore not a meta-analysis, and the cross-domain 

metrics in Tables 1–3 cannot be pooled or interpreted as expected bioprinting performance. 

The literature is also vulnerable to publication and availability bias: successful workflows and 

positive model comparisons are more likely to be reported, whereas failed formulations, unsafe 

recommendations, and negative automation results may remain unpublished. Closed-access 

methods, incomplete parameter reporting, preprints, changing model versions, and inconsistent 

definitions of printability and viability further limit reproducibility. The proposed evidence 

framework and provenance-aware BioKG can reduce the risk of overinterpretation but cannot 

compensate for missing or selectively reported experiments. 

6.2 Technical, biological, and regulatory limitations 

Hallucination remains the most immediate language-model risk. RAG and KG grounding can 

reduce unsupported generation, but their effect is task-, corpus-, retriever-, and evaluation-

dependent. A sparse or biased corpus can produce well-cited but still misleading answers. Systems 

should therefore expose retrieved evidence, incompatible conditions, and uncertainty; enforce 

material–cell compatibility constraints; and require expert approval before physical execution. 

Conflict-aware retrieval is especially important when apparently identical formulations differ in 

cell source, printing conditions, or assay definition. 

Biological heterogeneity creates a second limitation. Viability must be interpreted by cell type, 

donor, passage, culture condition, assay, and time point, and short-term survival cannot substitute 

for phenotype or tissue function. A third limitation is auditability. Attention maps and chain-of-

thought text do not provide regulatory-grade explanations; defensible oversight requires source 

provenance, structured decision logs, model and prompt versioning, predefined acceptance criteria, 

and validated control boundaries[115,116]. Finally, clinical translation requires compatibility with 

quality-management, biocompatibility, data-governance, and manufacturing requirements, none 

of which has been established for LLM-generated bioink recommendations. 

6.3 Research priorities 

The most actionable near-term priority is a community-curated, ontology-anchored BioKG 

accompanied by an open benchmark corpus. The resource should include negative results, 

condition-qualified cell data, source provenance, and explicit conflict relations. Benchmark tasks 

should separately evaluate extraction, retrieval, evidence synthesis, candidate ranking, and 
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experimental decision support. Prospective multicenter studies should then compare LLM-assisted 

workflows with matched baselines under identical data and experimental budgets. 

Self-driving bioprinting remains a horizon goal rather than a demonstrated general 

capability[22,23]. Progress should proceed through bounded autonomy: first literature extraction 

and documentation, then human-approved experiment planning, then between-run model updating, 

and only finally validated online control for narrowly specified variables. This staged pathway 

preserves the potential of LLM-enabled coordination while keeping biological safety, 

reproducibility, and causal experimental evidence central. Table 5 summarizes the corresponding 

challenges, mitigations, residual gaps, and validation priorities. 
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Table 5. Key challenges in LLM integration for bioprinting, current mitigation strategies, and unresolved research gaps 

Challenge Specific manifestation in bioprinting Current best mitigation 
Demonstrated efficacy of 

mitigation 
Residual gap 

Research 

priority 

Relevant 

framework/standa

rd 

Refs 

Hallucination 

LLM generates plausible but incorrect 

bioink formulations (e.g., erroneous 

polymer–crosslinker pairing, fictitious 

viability values); especially 

consequential for cell-laden constructs 

in pre-clinical translation 

RAG with BioKG 

grounding; claim-level 

source citation; retrieval-

path display; contradiction 

retrieval; expert verification 

RAG, KG grounding, and self-

reflection improve factuality in 

task-specific benchmarks, but 

reported effect sizes are not 

directly comparable and no 

bioink-specific benchmark exists 

Cannot be eliminated with a 

sparse or biased corpus; retrieved 

evidence may be condition-

incompatible; performance is 

limited by corpus completeness 

and retrieval quality 

Critical 

ASTM F3659-24; 

FAIR data 

principles 

[42–

45,47,78

] 

Data 

heterogeneity 

and 

inaccessibility 

Bioink records use incompatible 

vocabularies and endpoints; substantial 

relevant literature may be inaccessible, 

incompletely accessible, or 

insufficiently machine-readable 

FAIR deposition; 

provenance- and conflict-

aware BioKG; condition-

qualified cell and assay 

metadata; community 

ontology; human-verified 

protocol extraction 

FAIR implementation improves 

downstream ML performance in 

adjacent domains; automated 

extraction achieves 91.25% 

accuracy on ORD records 

No community-agreed bioink 

ontology or open annotated 

corpus; incomplete parameter 

reporting and unavailable 

negative results remain major 

gaps 

Critical 

FAIR principles; 

ASTM F3659-24; 

MDS-Onto 

[64,66,6

7,71,74] 

Interpretabilit

y and 

regulatory 

opacity 

LLM reasoning chains opaque; 

formulation recommendation cannot be 

audited for GMP compliance; no 

explainability standard applicable to 

LLM-generated bioink proposals 

Claim-level citations; 

retrieval-path display; 

structured decision logs; 

model and prompt 

versioning; predefined 

acceptance criteria; human 

approval and validated 

control boundaries 

Source provenance and audit logs 

improve traceability; attention 

maps and chain-of-thought text 

are not regulatory-grade 

explanations 

No GMP-applicable LLM 

auditability framework; 

regulatory applicability depends 

on the system’s intended use and 

role in the product or 

manufacturing process 

High 

GMP guidelines; 

ISO 13485; EU AI 

Act (classification 

depends on intended 

use) 

[115,116

] 

Sparse 

annotated 

bioink NLP 

corpus 

NER and RE models lack bioink-

specific training data; transfer from 

general biomedical corpora misses 

printability-specific entity types (e.g., 

biofabrication window, extrusion 

pressure as condition modifier) 

Transfer learning from 

MaterialsBERT/MatSciBER

T; few-shot prompting with 

generative LLMs; synthetic 

data augmentation via LLM 

MaterialsBERT extracts ~300K 

records from polymer literature; 

NERRE achieves high-quality 

extraction from ~500 annotated 

abstracts 

No publicly available bioink NLP 

benchmark dataset; no standard 

annotation schema for 

printability, viability, and process 

entities 

High — 
[28–

30,59] 

Absence of 

bioprinting 

NLP 

benchmark 

No standardized task definitions, 

evaluation corpora, or metrics for 

bioink NER, RE, protocol extraction, or 

formulation recommendation; 

impossible to compare LLM methods 

rigorously 

Borrow evaluation 

methodology from materials 

NLP benchmarks (MatSci-

NLP, BLURB); adapt 

existing chemistry datasets 

MatSci-NLP provides 

methodology template; BLURB 

covers broader biomedical NLP; 

neither covers bioink-specific 

entities 

No bioprinting-specific annotated 

corpus; no leaderboard; no 

community-agreed evaluation 

protocol 

High 

MatSci-NLP 

benchmark; 

BLURB benchmark 

[16,20,1

17] 

Reproducibilit

y gap in 

protocol 

reporting 

Methods-section text heterogeneous in 

completeness and vocabulary; operator-

dependent variation documented across 

12 laboratories for the same nominal 

printing conditions 

ASTM F3659-24 

terminology; standardized 

reporting templates; round-

robin benchmarking; 

automated extraction with 

human verification 

Round-robin study quantified 

inter-lab variability; automated 

extraction achieves 91.25% on 

chemistry protocols; no bioink-

specific validation yet 

No Open Bioprinting Protocol 

Database; ASTM F3659-24 is a 

guide and does not establish 

universal quantitative printability 

criteria 

Moderate ASTM F3659-24 
[64,71,7

4] 
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Clinical 

translation 

and safety 

LLM-generated formulations lack 

safety validation pipeline; risk of 

recommending biomaterials with 

insufficient cytotoxicity or 

immunogenicity characterization for 

clinical-grade constructs 

Restrict recommendations 

to materials with 

documented regulatory 

status, biocompatibility 

evidence, and 

manufacturing controls 

appropriate to the intended 

use; require expert review 

before testing or execution 

RAG can restrict outputs to 

literature-documented 

formulations, but it does not 

establish safety, regulatory 

acceptability, or clinical 

effectiveness 

No established regulatory 

pathway for LLM-assisted bioink 

design; applicable requirements 

depend on the intended product, 

use, jurisdiction, and degree of 

automation 

Moderate 

ISO 10993; FDA 

Quality 

Management 

System Regulation 

(21 CFR Part 820); 

EU MDR 2017/745; 

EU AI Act, as 

applicable 

[80,118] 

GMP, good manufacturing practice; FAIR, findable, accessible, interoperable, reusable; RAG, retrieval-augmented generation; KG, knowledge graph; NER, named entity recognition; 

RE, relation extraction; ORD, Open Reaction Database; CoT, chain-of-thought; SHAP, SHapley Additive exPlanations; MDS-Onto, Materials Data Science Ontology. 

Note: Mitigation efficacy is task- and implementation-dependent. No listed strategy has been validated as an end-to-end safety or regulatory solution for LLM-guided bioink 

development. 
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7. Conclusion 

LLMs could make an important contribution to 3D bioprinting by converting narrative literature 

into structured, queryable, and traceable evidence and by coordinating information across design, 

fabrication, testing, and learning. Their most credible near-term roles are information extraction, 

provenance-aware retrieval, constraint elicitation, hypothesis generation, and workflow 

documentation. Numerical generative models remain appropriate for quantitative candidate 

generation, whereas Bayesian optimization provides uncertainty-aware experiment selection; 

computer vision and sensors provide measurements, and validated control rules and deterministic 

control systems—not LLMs alone—authorize and execute physical adjustments. 

At present, evidence for end-to-end LLM-guided bioink discovery is insufficient to claim an 

autonomous paradigm shift. Progress depends on standardized reporting, condition- and cell-

resolved data, conflict-aware knowledge graphs, transparent benchmarks, prospective 

experimental comparisons, and human oversight. Under these constraints, the framework 

presented here offers a testable, evidence-bounded research agenda for moving from literature 

intelligence toward progressively more reproducible and auditable biofabrication workflows. 
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