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Abstract

Molecular computing systems hold unique potential for processing biological information, but their
development has been fundamentally limited by the physical bottlenecks of homogeneous reaction systems in
that molecular crosstalk and uncontrollable reaction dynamics severely constrain computational scale and
complexity. Here, we report a large-scale DNA-encoded microfluidic integrated circuit (DMIC) that
encapsulates DNA computational elements into droplet-based molecular chiplets and manipulates them via a
high-density programmable electrode array. This hybrid bioelectronic platform establishes a fluidic von
Neumann architecture with memory, processor, controller, and I/O units, which compiles algorithms into
physical droplet operations, thereby transforming molecular computation from a diffusion-limited continuum
into a reconfigurable, non-equilibrium integrated fluidic circuit. Using this approach, we demonstrate a 144-
neuron convolutional neural network assembled from over 2,000 molecular chiplets, classifying 36 categories

of handwritten symbols with >80% accuracy. The DMIC platform also executes on-chip supervised learning
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and performs multi-class cancer diagnosis from clinical serum samples. Our work provides a generalizable
engineering framework for scalable molecular machine learning and opens pathways toward intelligent,

autonomous bio-integrated systems.

Introduction

Machine learning algorithms are highly effective for recognizing patterns within high-dimensional biological
data'2. In-silico machine learning, leveraging the computational power of silicon-based hardware, can analyze
massive multi-omics data to uncover disease-associated molecular features, thereby facilitating precision
medicine®”. Similarly, in-molecular machine learning, which emulates machine learning functions through
chemical reaction networks, can identify molecular signatures to derive insights into disease states®’. By
processing biological information directly within its native molecular context!®!4, this approach eliminates
the need for extensive data conversion, facilitating more efficient and real-time analysis, and showing
significant potential for intelligent diagnostics and point-of-care testing. For example, DNA-based chemical
reactions are being explored to develop biocompatible computing systems to perform machine learning tasks,
such as mimicking artificial neurons'>-!. These intelligent molecular systems have also been demonstrated as
molecular multi-gene classifiers for diagnosing cancers and respiratory infections*?2°, However, scaling such
molecular systems faces a fundamental physical constraint in homogeneous solution. As network complexity
grows, the escalating interplay of unintended molecular interactions (crosstalk) and stochastic reaction

dynamics severely limits both the scale and reliability of computation.

DNA neural computing has been primarily advanced through molecular engineering approaches in

6,8,27 16,17,28-32
9

homogeneous-phase reaction systems™®~’, such as DNA gate design and sequence optimization
generating significant interest in addressing challenges like molecular signal propagation and nonlinear

dynamics. These efforts aim to construct reliable DNA-based neurons and organize them into interconnected
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networks, enabling the implementation of diverse neural network algorithms'>-1%2!33 For example, there have
been experimental demonstrations of DNA-based reaction networks, including Hopfield associative memory!?,

16,20,21

winner-take-all circuits , convolutional neural networks!’, and deep artificial neural networks powered

by enzymes'®. Furthermore, the persistent inherent stochasticity and complex dynamics of molecular

reactions'>28-34-36

remain a critical bottleneck for constructing synthetic molecular systems capable of meeting
demanding computational requirements. These difficulties are particularly pronounced when building large-
scale neural networks with complex topologies. The inability to ensure robust control over massively parallel
biochemical reactions limits both the scalability and computational capacity of these systems. Therefore,

addressing these severe limitations necessitates a fundamental paradigm shift in the strategies of molecular

neural computing to fully unlock its computational potential.

Biological systems have evolved to manage complex biochemical reaction networks that support their
computational abilities through compartmentalization and integration into fluidic networks with dynamic
connections®’*?. This is evident in how biological organisms have cells that are self-organized for isolating
highly reactive chemicals and dynamically reconfiguring network connectivity for distinct tasks. Inspired by
the principles of modern electronics and biological compartmentalization, we introduce a hybrid bioelectronic
platform that establishes an integrated fluidic circuit for molecular computation. This DNA-encoded
microfluidic integrated circuit (DMIC) encapsulates DNA computational elements into discrete, droplet-
based molecular chiplets, a concept inspired by chiplets in in modern semiconductor engineering, where
massive monolithic systems are disaggregated into standardized, modular blocks to definitively overcome
physical scaling limits. These chiplets are manipulated within a microfluidic device *'*? by a high-density,
programmable electrode array, which functions as a dynamic interconnection network. This setup effectively
instantiates a fluidic von Neumann architecture, complete with memory (chiplets in reservoirs), processor

(reaction chambers), controller (external electronics), and I/O units. In this architecture, a computational
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algorithm is compiled into a sequence of physical operations, retrieving, transporting, and merging specific
chiplets to form a purpose-built network. This approach spatially isolates parallel reactions to eliminate
crosstalk and replaces diffuse molecular encounters with deterministic, electronically orchestrated assembly.
It thereby transforms the computational substrate from a diffusion-limited continuum into a structured, non-
equilibrium, and programmable information-processing system, clearing the fundamental physical barriers for

scalable molecular computing.

Architecture of the DNA-encoded microfluidic integrated circuit (DMIC)

Traditional molecular computing systems, typically executed in “one-pot” homogeneous reaction
environments, are fundamentally limited by physical bottlenecks such as uncontrolled molecular crosstalk and
stochastic, diffusion-limited reaction dynamics. As the complexity of chemical reaction networks scales, these
inherent constraints severely compromise computational reliability and throughput. To overcome these
challenges, we introduce a DNA-encoded microfluidic integrated circuit (DMIC) that shifts the computing
paradigm from a diffusion-limited continuum into a programmable, deterministic information-processing
system (Fig. 1a). The core of the DMIC platform is the encapsulation of DNA computational elements into
discrete, droplet-based molecular chiplets. By isolating parallel biochemical reactions within these chiplets,
we eliminate off-target crosstalk and replace random molecular encounters with electronically orchestrated
assemblies. The hardware establishes a fluidic von Neumann architecture, consisting of four functionally
distinct units: memory (a reservoir storing the chiplet library), processor (reaction chambers for reaction
execution), controller (external electronics driving the electrode array), and I/O (interfaced for algorithm input
and signal readout) (Fig. 1b). In this architecture, a user-defined algorithm is compiled into a high-level
instruction set, which is subsequently translated into low-level electronic signals to drive automated droplet

manipulation and seamless integration of computing elements into complex, adaptive DNA-based networks
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(Fig. Ic). The system utilizes a high-density programmable electrode array, featuring up to 720 x 1280 pixels
in our large-scale implementation, to transport, merge, and mix droplets with nanoliter precision (e.g., 2.20
nL per chiplet). This integrated fluidic circuit approach spatially isolates parallel reactions to eliminate
crosstalk while enabling scalable molecular machine learning through the reconfigurable assembly of

standardized modular components.
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Fig. 1| Design and programmable workflow of the DMIC platform a, Comparison between traditional and integrated
molecular computing. Left: Conventional one-pot systems rely on diffusion-limited, stochastic molecular interactions. Right:
The DMIC platform utilizes an integrated fluidic circuit to encapsulate DNA computational elements into molecular chiplets,
enabling a programmable, order-deterministic reaction environment. b, Fluidic von Neumann architecture. The system is
organized into a memory for chiplet storage, a processor for reaction and computation, and an external controller (PC and
driver electronics) that orchestrates the overall operation. ¢, DMIC operational workflow. The automated process comprises
five stages: (1) User-defined algorithms are established; (2) Algorithms are compiled into an instruction set; (3) Electronic
signals drive droplet manipulation on the electrode array; (4) DNA computation is executed on-chip through physical chiplet
assembly; (5) Computation results are acquired via fluorescence readout.

High-precision droplet manipulation and the instantiation of molecular intelligence
The transition from a theoretical fluidic von Neumann architecture to a functional integrated computing

system relies on the high-precision manipulation of matter within the DMIC hardware. Our platform utilizes
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a programmable active electrode array to coordinate the movement of molecular chiplets, droplet-encapsulated
DNA computational elements, across a physically structured environment (Fig. 2a). We developed a
comprehensive library of molecular chiplets, each consisting of a droplet compartmentalizing distinct DNA
computational elements: DNA neurons, inputs, weight modulators, and reporters (Fig. S1). By dynamically
routing the chiplets across an integrated electrode grid, the system creates rewireable molecular pathways that
interconnect molecular components, analogous to wiring in electronic circuits. The hardware used for initial
experimental validation incorporates 138 electrodes, 12 reservoirs, and 2 reaction chambers (Fig. S2),
facilitating the spatial isolation of distinct chemical species while ensuring their deterministic assembly on
demand. By translating single algorithmic steps into specific instruction sets, we implemented a sequence of
elementary physical operations including aliquoting, transporting, splitting, and merging & mixing (Fig. 2b
and Figs. S3-5). These operations serve as the physical implementation of computational instructions,
allowing the system to retrieve molecular chiplets with microliter precision (Fig. S4). For instance, DNA
computational elements Inputs [; are stored as standardized chiplets eDrop(Z;) in the reservoir and subsequently
routed to reaction chambers to instantiate specific network topologies. This integrated fluidic circuit replaces
the stochastic diffusion of bulk-solution systems with electronically orchestrated events, ensuring that each
computational step is executed with high fidelity. The reliability of this programmable approach was validated
first through the implementation of a single DNA neuron (Fig. 2¢ and Figs. S6-11). Using nine molecular
chiplets, the system performed weighted-sum calculations and non-linear activation by merging specific
droplets into a 2.75 uL reaction mixture (Fig. 2d). Characterization across 36 weight configurations showed
that the on-chip outputs aligned closely with theoretical models, confirming that the physical operations
successfully emulate the intended neuronal functions (Fig. 2e). This precise control over individual units
provides the necessary technical foundation for scalable molecular computation, enabling the assembly of

these building blocks into complex, multi-layered networks.
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Fig. 2| Core hardware architecture and operations of the programmable DMIC. a, Hardware foundation of the integrated
fluidic circuit. The programmable active electrode array orchestrates the spatiotemporal movement of molecular chiplets
across a physically structured environment. b, The four elementary physical operations (aliquoting, transporting, splitting,
merging & mixing). These deterministic, electronically orchestrated movements serve as the physical implementation of
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specific instruction sets, individual molecular chiplets are routed and merged to execute weighted-sum calculations and non-

linear activation, establishing the technical foundation for scalable molecular computation. The x- and y- axis represent the
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value of weights (w=20.0, 0.2, 0.4, 0.6, 0.8 or 1) implemented using the weight modulator chiplets, with colours indicating
the corresponding output signal intensity. The color scale (0-2) represents the normalized analog fluorescence outputs mapped
to the corresponding theoretical output values for the tested weight combinations. The upper limit of 2 is determined by the
maximum theoretical output values accessible in this experiment. The standard concentration is 50 nM (1x).

System-level integration of multi-DNA neuron networks on the DMIC platform

To explore the scalable potential of the integrated fluidic circuit, we developed an enlarged DMIC chip
designed for the system-level integration of multiple DNA neurons (Fig. 3a and Fig. S13). This advanced
hardware incorporates 305 electrodes, 28 reservoirs, and 4 reaction chambers, providing the necessary
infrastructure for constructing sophisticated on-chip neural networks through automated programmable
routing. By encapsulating distinct DNA neurons into discrete molecular chiplets, we established a modular
toolkit that allows DNA neurons to be immobilized in reservoirs and dynamically interconnected via the
electrode array (Fig. 3b). This architecture effectively decouples network topology from the physical hardware,
as connections and weights can be redefined simply by reprogramming the droplet transport pathways. A
significant advantage of this programmable approach is that droplet compartmentalization allows for the
deployment of identical DNA sequences as distinct functional units in separate chambers (Fig. S14). This
bypasses traditional sequence design constraints and maximizes parallelism, enabling the assembly of large-
scale networks with high resource efficiency.

Experimental results demonstrated the integration of up to 26 DNA neurons into multilayered networks
(Fig. 3c-h and Figs. S15-19). The system executed 13 distinct logical functions, ranging from simple logic
cascades to complex algorithmic computation. The platform’s flexibility was further evidenced by the
implementation of advanced algorithmic circuits. For example, a ten-DNA neuron network was programmed
to function as a square-root circuit (Fig. 3g and Fig. S18), while a 26-DNA neuron network performed fixed-
point square-root calculations (Fig. 3h and Fig. S19). Most notably, we achieved a high-density 26-neuron
network composed of four parallel subnets while requiring only eight unique DNA neurons (Fig. S20),

demonstrating a significant leap in molecular resource optimization. Furthermore, our platform supported

8/19



176

177

178

179

180

181

concurrent processing, with multiple networks operating synchronously or asynchronously (Fig. S21), thereby

enabling more complex algorithmic integration. As the network capacity scales exponentially, with n DNA

neurons supporting 2" logical functions, this fluidic von Neumann architecture represents a major shift toward

hardware-reprogrammable and scalable molecular computation.
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Fig. 3| System-level integration and reconfigurable connectivity of multi-DNA neuron networks on DMIC. a, Schematic
of a general multi-layer neural network architecture with programmable connections. b, Deployment of molecular chiplets as
standardized building blocks on the integrated fluidic circuit. This modular architecture completely decouples network
topology from the physical hardware; inter-neuronal connections are dynamically established via electronically routed droplet
pathways from designated reservoirs to target reaction chambers. ¢, Representation of diverse connectivity patterns. By merely
reprogramming the transport pathways within the fluidic von Neumann architecture, the platform dynamically configures
network topologies ranging from two-DNA neuron to 26-DNA neuron configurations. d—h, Experimental characterization of
multi-DNA neuron network topologies. The system effortlessly transitions from simple logic cascades to complex algorithmic
circuits: a two-layer logic cascades (d), the three-layer logic cascades (e, f), a square-root circuit utilizing the dual-rail
convention (g), and a fixed-point square-root circuit utilizing the dual-rail convention (h). Experimental details: Fluorescence
levels were recorded at 6 h (d) or 12 h (e—h) after input addition. Note that the require eDrop(/;) were first merged and then
routed to the target reaction chamber to minimize timing variability in input delivery. Input strands were introduced at 0x
(logic ‘OFF’) or 1x (logic ‘ON”), and an output is defined as logic ‘ON’ when its normalized signal exceeds the 0.50 threshold
(dotted line). For the 26-neuron network (h), three distinct fluorophores (FAM, Atto425, and Texas Red) were utilized to
characterize three independent outputs within a single reaction chamber.

Large-scale DNA-based convolutional neural network for 36-category pattern recognition
To demonstrate the scalable complexity of the integrated fluidic circuit, we developed a large-scale DMIC
chip capable of the large-scale integration of hundreds of DNA neurons (Fig. 4a). This advanced hardware
incorporates a 720 x 1280 active electrode array (Fig. S22), enabling the simultaneous configuration of
hundreds of molecular chiplets with significantly higher integration density than previous iterations. The
expanded capacity of this programmable platform supports the implementation of a convolutional neural
network (ConvNet) designed to recognize 36 distinct handwritten symbols, including 10 digits and 26 letters
from the EMNIST dataset (Fig. S23). The network architecture (Fig. 4b) processes 20 x 20 binary inputs
through a convolutional layer with 36 kernels (10 % 10), followed by ReLU activation and global sum pooling,
ultimately yielding 36 prediction outputs. The network comprises 144 sparsely connected neurons, 3,600
weight parameters, and 14,400 physical connections, achieving 80.64% accuracy on test data (Fig. S24).

For on-chip execution (Fig. 4c and Fig. S25), signed kernel weights were mapped to weight modulator
chiplets (eDrop(Swi)), with specific weight values represented by droplet counts. Weight sharing was achieved
by applying identical eDrop(Swi) configurations across all receptive regions assigned to the same kernel (Fig.

S26a). Binary input pixels were encoded by the presence or absence of corresponding eDrop(Zi) (Fig. S26b).
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DNA neurons, each responsive to a 100-bit receptive region of input pattern, were encapsulated into discrete
molecular chiplets for on-demand retrieval and deployment (Figs. S27 and 28). The pooling operation was
implemented using conversion gates (eDrop(77)) to facilitate signal integration and dimensionality reduction
(Fig. S29) To execute large-scale ConvNet computations on DMIC, which require the immense coordination
of 36 parallel droplet networks organized from 144 DNA neurons, we utilized the Safe Interval Path Planning
(SIPP) algorithm to optimize routing and avoid path conflicts (Fig. S30). This allowed for the simultaneous
manipulation of approximately 2,304 droplets, transforming the fluidic von Neumann architecture into a high-
throughput information-processing system. Experimental results (Fig. 4d) validated the DNA-based
ConvNet’s functionality, with a comprehensive confusion matrix confirming correct pattern classification
across all 36 categories, demonstrating that the integrated fluidic circuit can reliably execute high-dimensional
machine learning tasks. This achievement represents a qualitative shift in molecular computing, proving that
the programmable and scalable nature of DMIC hardware is the key to overcoming the complexity bottlenecks

of traditional DNA-based reaction systems.
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228  Fig. 4| Large-scale on-chip DNA-based ConvNet for 36-category handwritten symbol recognition. a, Architecture and
229  routing map of the large-scale integrated fluidic circuit. Featuring a 720 x 1280 active-matrix electrode array, the platform
230  utilizes the SIPP algorithm to manage the simultaneous, collision-free routing of thousands of molecular chiplets (~2,304
231  droplets). b, The 144-neuron ConvNet architecture and target symbols. Top: The network architecture designed to process 20
232 x 20 binary inputs through convolutional and pooling layers. Bottom: The 36 target handwritten symbols from the EMNIST
233  database used to validate the system’s pattern recognition capabilities. ¢, Implementation of the DNA-based ConvNet utilizing

234 molecular chiplets with weight-sharing strategies. d, Experimental classification of 36 example handwritten symbols. The
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color scale (0-1) represents the normalized experimental classification outputs, with the maximum response in each dataset
set to 1. A threshold of 0.5 was applied to the normalized outputs at the final readout stage to define ON/OFF states, with each
input pattern assigned to the class corresponding to the unique ON output.

Adaptive intelligence and clinical diagnostic applications of the DMIC platform

The DMIC platform further demonstrates its capacity for adaptive intelligence by implementing supervised
learning directly within the physical molecular environment. Unlike purely in silico approaches, this system
incorporates physical molecular networks into a closed-loop training process using a backpropagation rule®’
(Fig. 5a). We designed a convolutional neural network (ConvNet) with a 4 x 3 input layer, a 4 x 1 kernel, a
ReLU activation layer, and a 3-class output to classify 12-bit binary patterns representing handwritten symbols
‘L, “T’, and ‘)’ (Figs. S31-33). This programmable learning system utilized a hardware configuration of 227
electrodes, 19 reservoirs and 9 reaction chambers to execute forward propagation on-chip (Fig. S34).
Following off-chip gradient calculations, the platform automatically reconfigured the routing of weight
modulator chiplets (eDrop(Swi)) to instantiate updated weights. Experimental results confirmed successful on-
chip training across all cases, with 100% recognition accuracy across 39 training patterns within nine epochs
(Figs. Sb—d). Across a range of initial kernel-weight configurations and learning rates (1.0 to 0.5), kernel
weights evolved from random to optimized states—progressively improving feature discrimination—and the
system achieved 100% accuracy under all tested conditions, with faster convergence at higher learning rates
(Figs. S35-42). Classification results matched those of digital simulations, confirming operational robustness
(Fig. S43). These results demonstrate the platform’s ability to self-optimize through the iterative assembly of
integrated fluidic circuits.

Expanding toward high-impact clinical utility, we deployed the DMIC as an intelligent diagnostic device
for multi-cancer classification (Fig. 5e). The system integrates a two-step decision architecture: a support
vector machine (SVM) for initial cancer detection and a fully connected neural network (FCNN) for
subsequent cancer-type discrimination. These models were programmed onto the scalable DMIC hardware,

where clinical miRNA inputs were processed via diagnostic molecular chiplets navigating a unified fluidic
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von Neumann architecture. (Figs. S44-50). For clinical validation, miRNA extracted from 1 mL of clinical
serum was off-chip amplified and transformed into long single-stranded DNA (ssDNA) to preserve the original
quantity ratios for on-chip computation (Figs. S51 and S52). The on-chip molecular classifier was validated
first using 20 synthetic samples, achieving 100% classification accuracy (Fig. S53), and then tested on clinical
serum samples from 15 cancer patients with lung (LC), liver (HCC), and ovarian (OC) cancers and 5 healthy
controls, showing 90.0% sensitivity, 96.7% specificity, and 90.0% correct cancer-type prediction in positive
cases (Figs. 5f,g and Fig. S54). These results highlight the platform’s capability for automated sample-to-
answer analysis, positioning the DMIC as a powerful and programmable tool for next-generation point-of-

care diagnostics and integrated molecular intelligence.
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On-chip supervised learning via physical weight updates. a, Schematic of the closed-loop iterative learning process. Parallel
DNA neural networks execute forward propagation on the integrated fluidic circuit, while weight updates (4W;) calculated
off-chip are used to dynamically and programmatically reconfigure the molecular chiplets for subsequent epochs. b,
Progressive emergence of discriminative local features for patterns ‘L’, ‘T, and ‘J’ as kernel weights physically evolve across
training cycles. ¢, d, Accuracy curve (c¢) and the detailed evolution of network outputs (d) showing the adaptation of
connection strengths during training. The classification task was considered completed when each output signal yi
corresponded exclusively to the correct class of the applied pattern. e-g, Intelligent multi-cancer diagnosis using clinical
samples. e, Schematic showing the end-to-end diagnostic workflow from clinical serum extraction to on-chip DNA
computation. The system integrates a two-step decision process (an SVM for cancer diagnosis and an FCNN for cancer-type
discrimination) mapped onto a unified fluidic von Neumann architecture. In each step, each selected miRNA is assigned an
integer-valued weight reflecting its significance. A negative output ys indicates a healthy sample; a positive output ys along
with a positive output yri leads to the identification of the cancer type (LC, HCC, or OC). f, Receiver operating characteristic
(ROC) curves illustrating diagnostic performance on test sets. Classifier models were trained using publicly available miRNA
profiles from the NCBI database. The area under the ROC curve (AUC) shown in each graph, is simply defined as the area
under the ROC curve. g, Confusion matrix analysis of 20 clinical serum samples.

Discussion
The DMIC presented here overcomes the physical bottlenecks intrinsic to bulk-solution molecular computing
systems by engineering a structured, programmable integrated fluidic circuit. We establish a fluidic von
Neumann architecture that decouples the molecular computing substrate (molecular chiplets) from its control
logic (electronic programming). Encapsulating DNA computational elements into discrete droplet-based
molecular chiplets eliminates off-target molecular crosstalk. Addressable manipulation of these chiplets via
an electrode array allows us to physically wire computing networks on-demand, transforming molecular
computation from a diffusion-limited, equilibrium process into a programmable non-equilibrium system.
This architecture introduces crucial modularity and programmability. A library of standardized molecular
chiplets functions as the system’s instruction set, while the electrode grid corresponds to a reconfigurable
global interconnect. In modern electronics, the chiplet architecture has revolutionized the semiconductor
industry by decoupling system complexity from monolithic manufacturing limits, utilizing advanced
interconnects to integrate modular components into highly scalable systems. Analogously, our DMIC platform
decouples molecular computation from the physical constraints of homogeneous mixtures. By utilizing the

electrode array to dynamically ‘wire’ standardized molecular chiplets, simply reprogramming droplet
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pathways allows diverse network topologies to be instantiated on the same hardware. This integrated fluidic
circuit approach dramatically simplifies design, enables resource reuse, and facilitates massively parallel
computation, ultimately endowing molecular networks with unprecedented scalability. As a hybrid
bioelectronic platform, DMIC uniquely suits intelligent, autonomous biosensing for integrated sample-to-
answer analysis, opening avenues for next-generation point-of-care diagnostics, environmental monitors, and
smart interfaces for synthetic biology.

Compared to conventional liquid-handling robots, the DMIC introduces a fundamental architectural leap
in programmability and scalability. While commercial robots are restricted to bulk reagent distribution, they
lack the capacity for the high-density, individualized orchestration of molecular chiplets required for complex
network operations***. In contrast, our platform acts as a physical ‘molecular compiler’—utilizing per-
droplet addressing and dynamic rerouting to physically instantiate sophisticated, non-fully-connected neural
topologies on demand. Looking forward, the computational capacity of the DMIC will follow a hardware-
driven scaling law. Because physical scalability is now primarily constrained by active-matrix electrode
density rather than chemical crosstalk, advanced microfabrication provides a direct pathway to massive
network expansion. Furthermore, while the current architecture masterfully achieves topological
reconfiguration via droplet routing, the in situ modification of internal molecular contents after droplet fusion
remains a challenge. Future integration of auxiliary converter droplets for continuous on-chip parameter
updating could further unlock fully autonomous network evolution. Ultimately, we envision that coupling this
integrated fluidic circuit with automated nucleic acid extraction and amplification modules*®*” will establish

closed-loop, sample-to-answer systems, paving the way for scalable, embedded molecular intelligence.

Data and materials availability: The associated data and experimental protocols for this work are available within Supplementary
Information, and are also available from the corresponding author on request. Supplementary Information is available in the online
version of the paper. The source code for generating the droplet routing paths used in this work is available on GitHub at

https://github.com/vivipurplt/DMIC-Droplet-Routing.
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