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A Conversational Large-Language-Model Tutor that
Accelerates Machine-Learning Method Development
in Routine Bioanalytical Workflows

An T. H. Le, Thomas Shvekher, Lewis Nguyen, and Sergey N. Krylov*

As machine learning (ML) becomes increasingly relevant in exper-
imental chemistry, many scientists face barriers to adoption due
to limited training in ML. While AutoML platforms offer powerful
capabilities, they lack the instructional scaffolding needed by
users without an ML background. To address this gap, a light-
weight, conversational assistant is presented that guides users
through ML workflow design using plain-language dialog.
Powered by OpenAl's GPT-40 and deployed via a Gradio interface,
the assistant operates under a structured system prompt that
simulates pedagogical reasoning. It behaves like a domain-
specific tutor: helping users define ML goals, assess data struc-
ture, select models, evaluate metrics, and generate annotated

1. Introduction

Machine learning (ML) is rapidly becoming a core part of experi-
mental science, enabling new capabilities in data interpretation,
pattern recognition, and predictive modeling."® In fields such as
chemistry, biology, and medical science, ML is increasingly
regarded not as an optional tool, but as a critical element of
data-driven discovery.”"'® This is especially true in bioanalytical
chemistry, where modern instruments generate large, multivari-
ate datasets that are difficult to interpret using manual methods
or closed-from analytical solution."”> Whether predicting
complex retention patterns in liquid chromatography-mass spec-
trometry (LC-MS), interpreting spectral data, or extracting kinetic
parameters from high-throughput binding curves, experimental
workflows are increasingly shaped by the availability and limita-
tions of computational tools. However, while ML continues to
expand in scope and influence, most experimental scientists lack
formal training in computer science or programing and often face
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Python code. A complete documentation of the development
process is provided, allowing researchers to adapt the system
for other domains. Herein, its utility is demonstrated in two rep-
resentative case studies: 1) image classification of lateral flow
immunoassay test strips for diagnostic readout; and 2) regres-
sion-based prediction of liquid chromatography-mass spectrom-
etry retention times from molecular descriptors for small
molecules. In both cases, lab members with no ML experience
successfully developed working models guided solely by the
assistant. By lowering the barrier to ML adoption in data-rich ana-
lytical workflows, this system offers a customizable workflow for
building domain-specific assistants across experimental science.

steep learning curves when attempting to design or apply ML
workflows.

Existing tools for ML development, such as AutoML platforms
(e.g., AWS SageMaker, Google Cloud Vertex Al, Azure ML Studio)
and developer assistants like GitHub Copilot, offer powerful
capabilities but remain inaccessible to many experimental
scientists.?'~>") AutoML platforms assume familiarity with data
formatting, model selection, evaluation strategies, and cloud
infrastructure, while tools like GitHub Copilot are optimized for
experienced users who can already frame ML problems and inter-
pret code suggestions. Neither is designed to guide inexperi-
enced users step by step through ML workflow design or to
explain underlying concepts. As a result, many experimental sci-
entists find such platforms inaccessible due to their technical
complexity and lack of instructional guidance.

To address this disconnect, we propose the development of a
conversational assistant designed not to automate ML, but to
teach scientists how to design ML model themselves step by step,
through natural language interaction. The assistant is powered by
a widely used, publicly available large language model (LLM) and
is deployed via Gradio, a lightweight browser-based inter-
face.**?” Rather than functioning as a reactive chatbot, the assis-
tant operates as a structured educational guide that simulates the
behavior of a patient tutor.

At its core, the assistant uses OpenAl's GPT-4o, a state-of-
the-art, as of June 2025, general-purpose LLM trained on massive
datasets to generate coherent responses across a wide range of
language-based tasks, including programing, summarization, and
scientific explanation.?®??' While models like GPT-40 are highly
capable and flexible, they do not inherently function as ML
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advisors, nor do they follow structured pedagogical workflows.
Without customization, such general-purpose models tend to
respond reactively and inconsistently, often skipping founda-
tional steps or using technical jargon without explanation.°-32

To overcome these limitations, we designed a system prompt
that serves as an internal scaffold, transforming the LLM into a
patient and logically consistent ML tutor.*3>" This prompt
defines the assistant’s role and behavior by embedding instruc-
tional logic directly into its conversational flow. However, our sys-
tem prompt is not simply a block of role-defining text. It is
designed as a step-by-step instructional workflow that shapes
how the assistant engages with the ex, ensuring logical progres-
sion through the ML workflow. This conversational logic is
illustrated in Figure 1, which outlines the assistant’s internal rea-
soning structure and user-facing behavior. The conversation
begins by clarifying the user’s research objective, then proceeds
to identify the type of ML task (e.g., classification or regression),
gather information about the input data (e.g. tabular, image-
based, and so on). The assistant then recommends suitable ML
models, explains the full ML workflow, and helps the user choose

ESSENTIAL USER INPUT

relevant evaluation strategies. It concludes by summarizing the
plan and generating Python code. At each stage, it explains con-
cepts in plain language and confirms the user’s understanding
before continuing. This prompt-based structure enables consis-
tent, context-aware dialog and supports reuse across scientific
domains, allowing the assistant to respond in a structured and
task-focused manner even as user inputs vary.

Figure 2 illustrates the overall development strategy for the
assistant, which is organized into two phases. The basic version,
or Phase 1, implemented and tested in this study, consists of a
locally hosted Gradio interface connected to the GPT-40 API. This
version supports natural language interaction, retains chat history
for contextual continuity, and generates Python code to illustrate
each recommended ML step. While designed primarily for local
use, the assistant can also be temporarily deployed on public
platforms, such as Hugging Face Spaces, for limited external
access during peer review or demonstration periods. A planned
advanced version—to be executed in Phase 2—will expand the
functionality of the assistant and transition it to permanent public
hosting. This version will enable additional features, including file

ML ASSISTANT RESPONSE WORKFLOW
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Figure 1. Schematic representation of the ML assistant’s stepwise pedagogical response design, illustrating both its instructional logic and the minimal ML
knowledge required from the user. The assistant guides users through a structured process to build a ML pipeline, with essential inputs provided at select
stages. The user inputs shown reflect only the critical information needed to generate the final model code. In practice, the assistant also incorporates
comprehension checkpoints at each stage to ensure user understanding before proceeding. See text for details.
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Figure 2. Development roadmap of the conversational ML assistant chatbot. Phase 1 (implemented, current version) enables user interaction via a Gradio
interface linked to a LLM such as GPT-40. Phase 2 (planned extensions) will add modular features including file uploads, automatic dataset inspection, in-
app Python code execution, and real-time visualization tools, enhancing the assistant’s usability and interactivity.

uploads, automatic dataset inspection, in-app code execution,
and real-time result visualization. The assistant’'s modular
structure allows these capabilities to be added incrementally, pre-
serving simplicity and accessibility for beginner users while sup-
porting broader scientific engagement.

To evaluate the assistant’s utility in realistic analytical context,
we tested the basic version of the assistant that we developed in
Phase 1, on two representative ML problems drawn from bioana-
lytical workflow: 1) image classification of lateral flow immunoas-
say (LFIA) test strips captured under various lighting and
background conditions; and 2) regression modeling to predict
LC-MS retention time (RT) based on numerical molecular descrip-
tors of small molecules. The first task addresses visual heteroge-
neity and classification robustness, while the second presents the
challenges of high-dimensional, data-rich regression modeling. In
each case, the assistant guided users with no prior experience in
ML or programing through the full workflow, from ML task defi-
nition, model selection, and metric evaluation to the generation
of annotated and relevant Python code. These case studies were
designed as a proof-of-concept feasibility demonstration rather
than a controlled educational trial, but they clearly show that
complete beginners can advance from problem definition to a
functioning ML model within a single assistant-guided session.
This highlights the assistant’s practical educational value while
underscoring its accessibility for experimental researchers.

By combining the flexibility of a general-purpose LLM with
structured, task-specific instructional design, this project presents
a reproducible workflow for building Al assistants that support
analytical problem-solving. The current system provides a practi-
cal, educational, and accessible entry point into ML for experi-
mental researchers. Moreover, the documented prompt design
process offers a transferable methodology for developing similar
assistants in other domains, ranging from spectroscopy analysis
to bioinformatics pipelines, or even task-specific systems such as
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scientific peer review assistants. As analytical datasets continue to
grow in size and complexity, this conversational assistant offers a
practical path forward for intergrating ML into rountine experi-
mental workflows and advancing data-centric discovery across
the chemical sciences.

2. Results and Discussion
2.1. System Architecture and Deployment

This section provides a comprehensive walkthrough of the assis-
tant’s system architecture, with an emphasis on how each devel-
opment decision was made to maximize transparency, usability,
and reproducibility for experimental scientists without formal
programing backgrounds. The aim of this work was not merely
to create another ML interface, but to build an educational ML
copilot: an interactive, end-to-end workflow partner that behaves
like a patient tutor, guides users through every stage of model
development, and enables the creation of fully functional ML sol-
utions with minimal infrastructure.

The full architecture of the assistant is illustrated in Figure 3a.
It consists of three core components. First, a locally hosted Gradio
interface serves as the front-end user environment, offering
a clean browser-based chat interface for natural language
interaction.”*?® Second, the assistant’s reasoning is powered
by OpenAl's GPT-40 model, accessed via API. Third, a single
Python script (app.py) integrates all functionality, including inter-
face rendering, conversation tracking, system prompt construc-
tion, and output formatting, into one modular file. When a
user enters a message, or user prompt, it is appended to the chat
history and combined with a system prompt, that is, a behind-
the-scenes instructional message that defines the assistant’s
behavior. This combined input is sent to the GPT-40 API, which
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Figure 3. System design and implementation workflow of the conversational assistant. The architecture of the assistant a) shows the flow of user input
through a locally hosted chat interface, where prompts are combined with a structured system message and sent to the GPT-40 model via the OpenAl
API. The model’s response is returned through the same path and displayed to the user in real time. All core functions are integrated in a single Python
script, which handles Gradio user interface (Ul) design, prompt construction, APl communication, and local logging. The sequential workflow used to
develop the assistant b) begins with prompt logic design and model selection, followed by environment setup and script implementation. The assistant is
launched through a local interface and can optionally be deployed to external platforms for demonstration. This modular design supports transparency,

ease of adoption, and adaptation across scientific domains.

returns a response that is displayed in real time, logged locally,
and optionally saved for documentation.

This architecture was deliberately kept lightweight and
dependency-minimal. It requires only a local Python environment
and two external libraries: openai and gradio. No databases, serv-
ers, or cloud hosting are necessary. Importantly, this simplicity is
not a compromise but a pedagogical feature: it removes technical
friction and encourages domain scientists to inspect, run, and
modify the assistant without external support. For users wishing
to share the assistant publicly, it can also be temporarily deployed
on platforms like Hugging Face Spaces for demonstration, review,
or collaborative use.

To complement this modular design, the assistant’s develop-
ment process followed a clean, sequential workflow intended to
reinforce reproducibility and ease of adoption. This process is
summarized in Figure 3b, which presents the series of steps
required to build and launch the assistant from scratch (a detailed
development guide is included in the Supporting Information).
Development begins with the creation of a dedicated Python vir-
tual environment, ensuring clean dependency isolation and facil-
itating reproducibility across systems. Once the environment is
set up, only two external libraries (i.e., gradio and openai) need
to be installed, keeping the installation process lightweight and
manageable for nonspecialist users. The main implementation is
handled in a single annotated script, app.py, which integrates
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user input handling, assistant behavior logic (via a system
prompt), interface setup, and response formatting. This single-file
design allows users to see and understand the full operation of
the assistant without navigating a multimodule software project.
With the environment set and the system prompt defined, the
user can launch the assistant by executing a single Python com-
mand: app.launch(share = True). This opens the chatbot interface
in a local browser window, ready for immediate interaction. The
share = True option also enables a temporary public link, facilitat-
ing demonstrations and peer review without additional setup.
It is worth noting that LLMs can generate incorrect state-
ments (‘hallucinations’), and this risk is always present. Even
widely used and advanced systems such as ChatGPT can produce
confident but inaccurate outputs. Users should be aware of this
trade-off: while LLMs offer powerful flexibility and accessibility
that can dramatically lower the barrier to entry, they also carry
the persistent risk of hallucination. This limitation cannot be elim-
inated entirely, but it can be mitigated to some degree with
appropriate safeguards. Although we did not observe hallucina-
tions that affected ML workflow design during assistant evalua-
tion with novice users, we implemented a user-facing slider for
decoding temperature control to help mitigate this risk when
desired. Lower temperature values (e.g., 0.2-0.7) make outputs
more deterministic and reduce variability, while higher values
promote more exploratory behavior. The default setting (1.0)
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was used throughout this study to preserve reproducibility and
maintain the assistant behavior as evaluated.

Together, the modular architecture and the sequential devel-
opment workflow (Figure 3) reflect the core philosophy of this
work: to create a functional yet fully transparent system that
can be easily adopted, understood, and extended by scientists.
The entire process, from setup to deployment, is intentionally visi-
ble and editable, allowing the assistant to serve not only as a prac-
tical tool, but also as a learning platform and a reusable blueprint
for building domain-specific Al assistants in experimental science.

2.2, System Prompt Design Logic

The assistant’s pedagogical behavior is driven by a carefully engi-
neered system prompt. Rather than offering direct answers or
immediately generating code, the assistant follows a structured,
seven-stage conversational flow designed to emulate the behav-
ior of a human tutor. This workflow, illustrated in Figure 1, pro-
ceeds through the following steps: 1) understanding the user’s
goal and identifying the ML task type; 2) gathering information
about the dataset; 3) suggesting appropriate models; 4) explain-
ing the full ML workflow; 5) guiding evaluation metrics; 6) summa-
rizing the planned steps; and 7) generating Python code
only after confirming user understanding. The system prompt
was iteratively refined during developer testing to balance flexi-
bility with instructional consistency, until it reliably produced the
intended multistage flow. This finalized version was then used by
the case-study participants in this manuscript and is provided in
the Supporting Information as part of the development guide,
where it serves as a reusable template for rebuilding the same
functional chatbot.

During testing, the assistant reliably maintained a conversa-
tional tone while encouraging engagement and comprehension.
It was designed to avoid rushing into technical implementation,
instead taking time to explain underlying principles. For example,
before generating any code, the assistant will ask, ‘Before we
move on, does it make sense why we split the dataset this
way 7. These comprehension checkpoints ensure that the user
is not simply executing instructions but learning how to design
ML workflows themselves.

A representative exchange is shown in Figure 4. In this exam-
ple, the user begins with a general research goal. The assistant
correctly identifies the ML task, asks clarifying questions, pro-
poses appropriate modeling techniques, and confirms under-
standing at each step before offering any code. This structured
interaction ensures the user is not just passively following instruc-
tions but actively learning how to design ML workflows.

The system prompt also encourages explainability. For each
recommended model, the assistant provides a conceptual expla-
nation of how it works and why it is appropriate for the given data
type or analytical task. When presenting evaluation metrics, it
explains trade-offs, such as when recall is more important, and
offers contextual examples (Figure 4). This makes the assistant
especially valuable for users without prior experience in ML or
programing.

ChemBioChem 2025, 26, e202500678 (5 of 12)

The system prompt used in this work (referred to as the orig-
inal prompt in the Supporting Information) is preserved exactly in
both the app.py script and the Supporting Information to main-
tain the behavior observed in the two case studies and ensure
reproducibility of results. A revised prompt is also provided in
the Supporting Information, incorporating additional features
added after peer review process. These enhancements include:
1) prompting users to report both training and validation metrics
after each run to diagnose overfitting or underfitting and suggest
appropriate remedies; 2) strengthening performance interpreta-
tion by encouraging comparison against simple naive models
(e.g., a dummy classifier for classification or a mean predictor
for regression) and recommending the use of uncertainty esti-
mates such as confidence intervals obtained via bootstrapping
or repeated cross-validation; and 3) improving environment
and data handling by listing dependencies with version ranges,
adding basic dataset checks, and raising targeted data-quality
diagnostics when relevant (e.g, dimensionality reduction,
correlation analysis, multicollinearity testing, and batch-effect
detection).

Crucially, the key strength of this design lies in the fact that
the assistant’s behavior is governed entirely by the system
prompt. There is no need to modify the codebase or retrain
the underlying language model, which is already capable of rea-
soning across a broad range of scientific and programing tasks.
Instead, users can reshape the assistant’s behavior simply by edit-
ing the system prompt—adjusting its tone, logic, or domain spec-
ificity using natural language. This makes the assistant highly
flexible and easy to repurpose. Although the current version
focuses on ML workflow design for bioanalytical workflows,
the same instructional workflow could be adapted to other
research contexts, such as guiding experimental protocols, plan-
ning data analysis, or assisting with figure formatting. Because
the assistant’s logic is defined through natural language in the
system prompt, rather than being hardcoded, it can be easily
reconfigured or extended by domain experts, making it a reus-
able template for domain-specific guidance systems in bioanalyt-
ical chemistry and beyond.

2.3. Case Study |—Classification of LFIA Test Strips

To assess the assistant’s effectiveness in guiding end-to-end ML
workflows for analytical tasks, we evaluated its performance on a
binary image classification problem relevant to clinical testing:
predicting positive versus negative results from LFIA test strips.
A dataset of 2,504 real scanned images for LFIA tests was used,
with variation in lighting conditions and background interference
that typically complicates automated interpretation in practical
testing scenarios.®

One lab member with no prior experience in Python or ML
carried out the full pipeline using only the assistant’s guidance.
After describing their goal ('l want to build an ML model to clas-
sify antigen test strips’), the assistant correctly identified the task
as binary image classification. It explained the concept in plain
language and followed up with questions about image format,
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(&) ML Assistant for Scientists
I'm here to help you build a machine learning model step-by-step — no ML or Python experience required!

Chat

| want to make a model to read antigen test images I

That sounds like an interesting project! So, it seems like the goal is to create a model that can analyze images of antigen tests. Could you tell me a bit more about what
you want to achieve with these images? For example, do you want to classify the outcome as positive or negative, or are you looking to identify specific patterns in the

images?

Understanding your goal will help us identify the right type of machine learning task for your needs!
Yes | want to classify the images to see if they are positive or negative tests

Great! So, you're looking to classify the images of antigen tests into two categories: positive and negative. This type of task is known as a "classification" task. In
machine learning, classification involves predicting which category (or class) new data points belong to, based on previous observations.

Now let's talk about the data you have. Could you let me know:
1. What kind of images are you working with? Are they regular photographs, or do they have any specific characteristics?
2. How many images do you have, if you know?

3. Are there any labels or annotations available that indicate whether a test is positive or negative?

This information will help us decide on suitable machine learning models and prepare the data for training.

they are scanned images of antigen tests. | have about 2000 images, ~600x2000 pixels for each image. The images are put into 2 folders: negative and positive

Thanks for sharing these details! You have a well-organized dataset with 2000 images, each scanned at a high resolution. Since your images are sorted into "negative"
and "positive" folders, it will be straightforward to use these as labels for training a model.

Given that your task is image classification and your data is images, a Convolutional Neural Network (CNN) would be a suitable choice. Here's why:

o CNNs are specialized for image data: They excel at picking up spatial hierarchies and patterns in images, which is perfect for understanding the visual features on
your test strips.

o They work well with large images: CNNs can efficiently handle and process data from larger images like the ones you have.

Before we proceed, do you have any questions about CNNs, or would you like to explore how we can set up a workflow to train a suitable model?

ML Assistant for Scientists

I'm here to help you build a machine learning model step-by-step — no ML or Python experience required!

Chat

€

Wonderful! Now, let's talk about how we can measure the success of your model. Choosing the right evaluation metrics is crucial for understanding how well your
model is performing.

For your task, which involves classifying antigen test images as positive or negative, here are some common metrics:

o Accuracy: This is the proportion of correctly classified images out of all images. It's straightforward and useful when the classes are balanced.

o Precision: This is the ratio of true positive predictions to the total number of positive predictions the model made. It tells you how much you can trust the positive
predictions.

o Recall (Sensitivity): This is the ratio of true positive predictions to the actual total number of positive cases. It measures how well your model can identify positive
cases.

o F1Score: This metric balances precision and recall, particularly useful if you need to consider both false positives and false negatives seriously.

o AUC-ROC (Area Under the Receiver Operating Characteristic curve): This measures the model's ability to distinguish between classes across different thresholds.
It's useful if you want to understand the trade-offs between true positives and false positives at various thresholds.

Which of these metrics do you think would be most important for your project? It might be helpful to consider whether missing a positive case or misidentifying a

negative one carries more risk in the context of antigen tests.

| want to focus on not missing any positive case for now

Focusing on not missing any positive cases means you want to maximize the Recall of your model. Recall helps ensure that if a test is actually positive, your model will
most likely catch it. This is particularly important in medical testing, where missing a positive case might have significant consequences. Y

Figure 4. Screen shots of representative dialog between a user and the assistant during the design of a ML workflow. The user begins with a general
research goal, which the assistant interprets as a binary classification task. The assistant proceeds to ask clarifying questions, explains relevant ML concepts
in plain language, and recommends appropriate model types. At each step, the assistant confirms the user’s understanding before proceeding, culminating
in the generation of annotated Python code with accompanying explanations. This structured exchange illustrates the assistant’s pedagogical approach
and its ability to guide users without prior ML experience through task definition, model selection, and workflow planning.
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dimensions, labeling structure, and dataset size. Based on this
input, the assistant recommended using a convolutional neural
network (CNN) and explained its structure and suitability for
image-based problems. It introduced essential preprocessing
steps, including conversion of images to grayscale, resizing to
a consistent input size, normalization of pixel values, and label
encoding. The assistant emphasized the importance of dataset
splitting into training (75%), validation (15%), and test (15%) sub-
sets, and clearly described the purpose of each in the overall
workflow.

The assistant then guided the user in selecting appropriate
evaluation metrics, including accuracy, precision, recall, and area
under the receiver operating characteristic curve (AUC-ROC), and
explained how to evaluate these metrics in the context of diag-
nostic decision-making, such as the cost of false positives versus
false negatives. Since the dataset was relatively balanced, the
user selected accuracy as the primary evaluation metric.

Before generating code, the assistant summarized the full ML
workflow and recognizing that CNNs are computationally inten-
sive, advised the user to run the model in an environment that
supports GPU-accelerated training, such as a properly configured
local machine or a cloud platform like Kaggle or Google Colab
with GPU enabled. This recommendation was made to ensure
efficient training and to avoid long runtimes often associated
with deep learning models on CPU-only systems.

After confirming the user’s understanding of the full ML plan,
the assistant-generated Python code using TensorFlow and Keras
to implement the CNN. Each code block was accompanied by
plain-language explanations, and the user was able to execute
the code with only minor adjustments, such as specifying the cor-
rect image directory path. The assistant also introduced hyper-
parameter tuning and emphasized the distinction between
trainable parameters (weights, biases) and hyperparameters that
must be set manually. Random search (via Keras Tuner) was used
to explore candidate architectures within predefined ranges: the
first convolutional layer’s filters were sampled from {32, 64, 96,
128}, the second convolutional layer's filters from the same
set, the dense layer size from {64, 128, 192, 256}, and the dropout
rate from {0.2, 0.3, 0.4, 0.5}. Each trial trained for up to 10 epochs
and optimized validation accuracy; the best-performing configu-
ration on the validation set was then selected for the final model.

Final model performance was assessed on the held-out test
set. The user generated a confusion matrix, from which the
following metrics were calculated based on (Equation 1-3),
respectively: accuracy = 0.86, precision = 0.88, and recall = 0.79.
An AUC-ROC curve was also generated, yielding a value of
0.93, indicating reasonably strong classification ability. A repre-
sentative output including these visualizations is shown in
Figure 5a. The complete conversation history from this session
was downloaded and is included in the Supporting Information
as a .txt file.

While the resulting model did not reach expert-level perfor-
mance, it demonstrated that a user with no prior ML or coding
experience could build a functional diagnostic classifier with the
assistant’s support. The LFIA classifier developed here should be
understood as a working demonstration built by novice users for
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educational purposes. While it achieved functional performance
on the available dataset, any clinical validation or regulatory
assessment is beyond the scope of this work, and more advanced
models exist for diagnostic use in real-world settings. For refer-
ence, a previously published CNN trained on the same dataset by
an experienced ML practitioner achieved accuracy of 0.98, preci-
sion of 0.97, recall of 0.97, and AUC-ROC of 0.99.2¢' That model
benefited from more sophisticated architectural decisions and
extensive tuning performed by domain expertise. In contrast,
the model developed here was tuned only through assistant-
guided suggestions, without the user having a deeper under-
standing of the optimization process or broader awareness of
alternative techniques.

Although the performance was more modest, this case study
illustrates that the assistant can effectively scaffold the end-to-
end development of an ML model—from problem definition
and data preparation to model training and evaluation—entirely
through conversational guidance. With additional time and
increasing familiarity, users could reasonably be expected to
improve performance further by iteratively refining the assistant-
generated workflow. These results highlight the assistant’s poten-
tial to lower the barrier to ML adoption in bioanalytical workflows,
especially in diagnostic assay development where image-based
classification is frequently encountered.

2.4. Case Study Il—Regression of LC-MS RT

To further evaluate the assistant’s versatility, the second test case
involved a regression problem from cheminformatics: predicting
LC-MS RT based on molecular structure. This use case reflects a
common problem in analytical chemistry, where ML models are
increasingly used to support compound identification, RT predic-
tion, and separation method development.

The dataset consisted of 80,038 small molecules, each repre-
sented by a 1024-bit extended connectivity fingerprint (ECFP)
and a corresponding RT in seconds. The dataset was obtained
from the METLIN small molecule RT (SMRT) study published by
Domingo-Almenara et al., and represents a realistic example of
high-dimensional, structure-based tabular data used in predictive
modeling.?”

A different lab member, also with no ML or Python experi-
ence, was guided by the assistant to complete the regression
workflow. After stating their objective (1 want to predict
LC-MS RT from molecular descriptors of small molecules’), the
assistant correctly identified the task as regression and began
by asking about dataset size and file structure. It instructed
the user to split the data into training (75%), validation (15%),
and test (15%) subsets and explained the function of each split
in model development.

To build the regression model, the assistant proposed three
algorithms well-suited for structured, high-dimensional tabular
data: Random Forest Regressor, XGBoost Regressor, and a
Multilayer Perceptron (MLP). These models were selected based
on their complementary strengths: tree-based models, such as
Random Forest and XGBoost, are highly effective for datasets
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Figure 5. Performance of ML models built by nonexpert users with assistant guidance. In the classification task a) a CNN was trained to distinguish positive
and negative LFIA test strips, achieving an accuracy of 0.86, precision of 0.88, recall of 0.79, and an AUC of 0.93 on the test set. The AUC-ROC curve and
confusion matrix illustrate the model’s performance. In the regression task b) a Random Forest model was trained to predict LC-MS RTs from molecular
structures encoded as 1024-bit ECFP fingerprints, achieving an R* of 0.77 and an MSE of 9,600 s~ (corresponding to an RMSE of 98 s). Shown are the scat-
ter plot of predicted versus actual values and the residuals versus predicted RT plot, which reveals cluster of compounds with short RTs that were system-

atically underpredicted.

with many features and nonlinear relationships, while MLPs can
capture more complex interactions when properly tuned. This
range of model types offered the user flexibility in testing both
ensemble learning and neural-network-based approaches.

The assistant introduced each model with a brief explanation
of how it works and when it is appropriate for this analytical task.
Next, it outlined the full ML workflow, from data preprocessing
and model training to validation and evaluation. It then recom-
mended evaluating model performance using the two standard
metrics for regression tasks: Mean Squared Error (MSE) and the
Coefficient of Determination (R?). Once the user confirmed their
understanding, the assistant-generated Python code for data pre-
processing, model training, and validation using scikit-learn and
xgboost, with clear comments and modular blocks for easy test-
ing and comparison of the three models.

The user trained and evaluated all three models and selected
the Random Forest Regressor, which achieved the highest valida-
tion R? among the candidates. The assistant then introduced
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hyperparameter tuning, clarifying the difference between learned
parameters and fixed hyperparameters. Grid search was used to
optimize the Random Forest model across five key settings: the
number of trees (n_estimators: {100, 200, 300}), maximum tree
depth (max_depth: {None10, 20}), minimum samples required
to split a node (min_samples_split: {2,5}), minimum samples
required at a leaf node (min_samples_leaf: {1,2}), and the number
of features considered when looking for the best split (max_
features: {sqrt’, log2'}). The configuration yielding the highest val-
idation R* was selected and retrained on the combined training
and validation sets before final testing.

After hyperparameter tuning, the final model was then tested
on the held-out test set of 12,000 molecules. It achieved an R? of
0.77 and an MSE of =9,600s™2 (corresponding to a root MSE,
RMSE, of =98s). To visualize performance, the user generated
a scatter plot of predicted versus actual RTs, which demonstrated
close alignment with the ideal diagonal and confirmed strong
agreement with ground truth over most of the RT range.
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A residuals-versus-predicted RT plot further revealed that errors
were generally symmetric and centered around zero, with the
narrowest spread in the mid-range. At the extremes, residual var-
iance increased, and a cluster of compounds with very short pre-
dicted RTs was systematically underpredicted. These boundary
effects are typical of nonlinear regression with imbalanced data
and reflect the Random Forest model’s tendency to regress
toward the mean. Future improvements may be achievable
through rebalancing the training data or incorporating features
that better capture the determinants of very fast- or slow-eluting
compounds. These visualizations are presented in Figure 5b. The
full conversation history from this session was saved and is pro-
vided in the Supporting Information.

To place our results in context, the original SMRT study
reported performance using two error-based metrics: median
absolute error, the median of the absolute differences between
predicted and actual values, which indicates the typical size of
prediction errors in seconds; and median relative error, which
expresses those errors as a percentage of the true RT.” These
metrics are particularly useful for cross-study comparison,
because, unlike variance-dependent metrics, such as R? they
are less sensitive to dataset size or splitting strategy. Although
our assistant-guided workflow relied on different metrics during
model development, we computed these same values to enable
comparison with the published models.

The deep learning model in the SMRT study achieved a
median absolute error of =35s and a median relative error of
=4.5%, while their Random Forest model reported a median abso-
lute error of =42 s. The assistant-guided Random Forest model
achieved a median absolute error of =38 s and a median relative
error of =4.8%, closely matching the performance of both the
published models.

This case study confirms that the assistant’s instructional
workflow generalizes effectively to large-scale tabular regression
tasks. Despite the complexity of the data and the variety of mod-
els involved, a nonexpert user was able to navigate model devel-
opment and interpret results effectively. With additional iteration
and refinement, such users may be able to further improve
performance and gain deeper insight into model behavior.
This further supports the assistant’s utility as educational tool
for ML adoption in experimental chemistry and analytical method
development.

Taken together, these two case studies demonstrations illus-
trate not only that complete beginners can build functional ML
models through conversational guidance but also that the assis-
tant’s outputs benefit from integration with existing coding tools.
As this work leverages a general-purpose LLM (GPT-40), the assis-
tant benefits from its broad reasoning abilities and logical con-
versational flow, but it is not a domain-specialized coding
engine. While it can generate functional code, its role is pedagog-
ical rather than professional software development. Accordingly,
assistant-generated code should be viewed not as a production-
ready endpoint but as a structured starting scaffold. In practice,
case-study users found that transferring these workflows into VS
Code with GitHub Copilot markedly improved their experience:
this environment streamlined dependency resolution, surfaced
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runtime errors quickly, and suggested refinements interactively.
It also allowed users to debug and adapt workflows in parallel
with the assistant’s guidance, combining structured conversa-
tional tutoring with a modern, beginner-friendly development
environment. We highlight this pathway as a particularly effective
route for novice users to stabilize and extend the assistant’s out-
puts (see Supporting Information for setup guidance).

3. Conclusion

This work presents a lightweight, transparent, and workflow-
oriented conversational assistant designed to support experi-
mental scientists in building ML models without prior experience
in ML or programing. Unlike traditional AutoML platforms or
developer-focused tools, such as GitHub Copilot, the assistant
serves as a guided copilot, offering step-by-step reasoning, clear
explanations, and structured code output tailored to the user's
scientific objective. Its pedagogical behavior is controlled entirely
through a carefully engineered system prompt, which transforms
a general-purpose LLM into a structured, domain-specific copilot
capable of guiding users through the full ML workflow from prob-
lem framing to model evaluation.

The assistant was developed using a minimal Python-based
setup with only two dependencies (gradio and openai), making it
highly accessible and reproducible in academic environments. It
runs fully locally, requires no custom backend infrastructure, and
can optionally be hosted publicly for broader access. Importantly,
each technical design decision, from interface choice to prompt
structure, was made not just to enable functionality, but to
enhance learning and usability for nonexperts.

We validated the assistant using two representative case
studies relevant to bioanalytical chemistry, focusing on super-
vised learning tasks—classification and regression—which are
the most common entry points for experimental scientists apply-
ing ML to their own datasets. In the first case, users built a CNN to
classify LFIA test strips, an image-based diagnostic challenge
encountered in clinical assay development. In the second, users
built and compared regression models (Random Forest, XGBoost,
MLP) to predict LC-MS RTs from molecular descriptors, a task cen-
tral to method optimization and compound characterization in
cheminformatics. In both tasks, the assistant successfully guided
lab members with no background in ML or Python through the
entire workflow, including data preprocessing, model selection,
training, tuning, evaluation, and result interpretation.

While no formal, quantitative comparison to unguided
prompting is presented here, the system prompt's embedded
seven-stage instructional flow is specifically designed to address
the challenges faced by first-time ML practitioners. This structure
enables users to move from a high-level problem description to a
complete, executable workflow without needing prior knowledge
of the intermediate steps. Conversation transcripts from novice
users (Supporting Information) illustrate that this approach can
yield complete, domain-relevant pipelines in a single session,
whereas unguided prompting would place the burden of struc-
turing the workflow entirely on the user. Although the present
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work focused on supervised tasks, the same structured, stepwise
workflow could in principle be extended to unsupervised tasks
such as clustering or dimensionality reduction. We did not eval-
uate these modes here, and therefore, make no claims regarding
their performance, but they represent a natural avenue for future
expansion.

While Phase 1 establishes the feasibility of a prompt-
engineered assistant that supports complete ML workflow design
through natural language, it also opens the door to future
enhancements. In Phase 2, we plan to expand the assistant’s
capabilities to support direct dataset uploads through the inter-
face. The assistant will automatically inspect uploaded files, sum-
marize their structure, and adapt its guidance accordingly, for
example, by highlighting missing values or mismatched data
types. We also aim to introduce in-app code execution and visu-
alization. By allowing users to run preprocessing, training, and
evaluation steps directly within the chat interface, the assistant
will offer live feedback and produce visual outputs such as con-
fusion matrices, learning curves, or scatter plots for regression.
Finally, we envision enabling users to export entire workflows,
including chat history, generated code, and dataset-specific logic,
as reusable project templates that can be adapted or shared
across research groups.

Together, these features will position the assistant not merely
as a conversational tutor, but as an integrated design environ-
ment for ML-driven analytical method development. By maintain-
ing its instructional tone and accessibility, even as functionality
expands, the assistant is poised to become a practical tool for
accelerating data-driven insights in experimental chemistry.

More broadly, this work offers a replicable workflow for build-
ing domain-specific educational assistants using LLMs. Through
structured prompt engineering and minimal infrastructure, we
show how conversational Al can accelerate ML adoption in bio-
chemical science—making powerful data analysis tools more
accessible to scientists engaged in spectroscopy, separation sci-
ence, imaging, and other data-intensive domains.

4. Experimental Section

A complete step-by-step development guide for the assistant, includ-
ing environment setup, interface configuration, Python codes,
prompt design, and deployment options, temporary link to access
the assistant is provided in the Supporting Information.

Assistant Development Workflow

The assistant was developed using a locally hosted Gradio interface
connected to OpenAl's GPT-40 LLM via API. The Gradio interface
served as the user-facing chatbot environment, enabling real-time
natural language interaction and persistent conversation state. The
OpenAl APl provided the underlying reasoning engine, allowing
the assistant to process both system-level instructions and user
prompts in a structured dialog.

The chatbot script was developed using Python and built within a
virtual environment. Two external Python libraries were used: openai
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(for accessing GPT-40 via API calls) and gradio (for creating the
browser-based chatbot interface). The development was conducted
entirely on a local Windows computer using the built-in Command
Prompt. The full setup process—including folder creation, virtual
environment activation, and package installation—is detailed in
the accompanying development guideline (Supporting Information).
Once dependencies were installed, the chatbot script (app.py) was
created using a basic text editor (i.e.,, Notepad).

In this work, reproducibility refers to the ability for any user to rebuild
the assistant and replicate its guided workflow process by following
the provided step-by-step instructions, code, and system prompt.
Because the assistant connects to an evolving LLM backend (e.g.,
GPT-40 at the time of this study), identical numerical results may vary
over time, but the instructional structure and workflow remain con-
sistent. To facilitate rebuilds, Table S1, Supporting Information, lists all
tools and Python library versions used in this work.

Although Phase 1 of the system was primarily intended for local use,
it was optionally deployed to Hugging Face Spaces during testing
and peer review. This allowed temporary public access via the
browser without changes to the assistant’s codebase.

Architecture and System Prompt

The chatbot operates as a Gradio-based web application that con-
nects to OpenAl’'s GPT-40 language model via an API key provided
by the user. The assistant’s behavior was governed by a carefully
crafted system prompt, which was iteratively refined through trial
and error. The prompt structured the assistant’s response flow into
seven stages: 1) understanding the user’s research goal and identify-
ing the ML task type; 2) assessing the dataset; 3) suggesting suitable
ML models and explaining how each one works; 4) outlining the full
ML workflow; 5) guiding the user to select appropriate evaluation
metrics; 6) summarizing the entire workflow; and 7) generating
and explaining Python code only after confirming the user’s under-
standing. The system prompt and user message history are passed
together in each API call to maintain a coherent dialog state. The full
system prompt is provided in the Supporting Information.

For clarity, the version of the assistant demonstrated in the two case
studies corresponds to the original system prompt, which is archived
in Section S3 of the Supporting Information. A revised prompt, incor-
porating enhancements introduced during peer review, is also
included. Assistants built from both prompts are fully functional,
and temporary public links to these implementations are provided
in Section S6.2 of the Supporting Information (available for public
use only during peer review).

Test Case Design and Evaluation Strategy

To evaluate the assistant’s utility in scientific contexts, we tested it on
two representative ML problems that can be easily encountered in
experimental laboratories. In each case, users with no prior experi-
ence in ML or Python were guided entirely by the assistant to build
and evaluate a complete ML workflow. The full conversation histories
from both test case sessions were exported as .txt files and are
included in the Supporting Information. Both case-study datasets
were selected from peer-reviewed sources that had already been
curated and validated in their original publications, ensuring suitabil-
ity for a novice-oriented proof-of-concept. The LFIA dataset (Case
Study 1) originates from an Analytical Chemistry publication and con-
tains 1122 positive and 1382 negative strips, balanced and validated
in the source study.®® The regression dataset (Case Study 2) derives
from the Nature Communications METLIN SMRT study, comprising
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80,038 molecules after exclusion of nonretained compounds, each
represented by 1024-bit ECFP structural fingerprints.*” In both case
studies, datasets were split into independent training, validation, and
held-out test sets in a 70:15:15 ratio. The assistant was prompt-
engineered to enforce this separation, and all performance metrics
reported in this work are from the held-out test set. External valida-
tion (i.e., testing on an entirely independent dataset or user group)
was beyond the scope of this proof-of-concept. For context, where
published models were available for similar tasks, their reported met-
rics are included for qualitative comparison. These comparisons are
illustrative, showing how the assistant can enable novices to produce
working models, but are not intended to claim statistical equivalence
or competition between assistant-derived novice workflows and
expert-generated models.

The two case study participants were undergraduate students (one a
first-year neuroscience major and the other a fourth-year biology
major) with no prior coursework, training, or publications in ML or
computer programing at the time of conducting this study. Their
nonexpert status was confirmed prior to participation. No formal sur-
veys or pretests were conducted on the two participants, as this work
is a proof-of-concept demonstration of the feasibility of an ML assis-
tant chatbot for complete beginners rather than a controlled human-
subject study.

The first task involved developing a binary image classification model
to distinguish between positive and negative results from scanned
LFIA test strips. A dataset of 2,504 real test strip images, captured
under diverse lighting and background conditions, was used to sim-
ulate real-world visual variability.®®' The assistant guided users to
construct a CNN using beginner-friendly Python code, along with
essential preprocessing steps such as resizing and normalization.
Users were instructed to split the dataset into training (70%), valida-
tion (15%), and test (15%) subsets. The assistant explained the role of
each subset and emphasized that model evaluation should only be
performed on the test set after tuning was complete.

Model performance was assessed using three standard classification
metrics. Accuracy was defined as

Accuracy = TP+ TN (1)
Y= TP r TN+ FP L FN

where TP, TN, FP, and FN represent true positives, true negatives, false
positives, and false negatives, respectively. Precision, measuring the
proportion of correct positive predictions, was calculated as

TP

P .. _
recision —TP TP

)

and Recall, representing the ability to capture actual positives, was
computed as

TP

Recall = —
A= TP AN

@)

In addition to these, the assistant guided users to evaluate AUC-ROC,
which quantifies the model’s ability to distinguish between classes
across various classification thresholds. AUC-ROC is computed by
plotting the true positive rate (recall) against the false positive rate
(1—Specificity), and measuring the area under this curve. A value of
0.5 indicates random performance, while 1.0 indicates perfect dis-
crimination between the two classes.

All metrics were computed on the held-out test set, and users were
encouraged to interpret them in the context of diagnostic applica-
tions, including trade-offs between false positives and false nega-
tives. The final model, evaluated after hyperparameter tuning and
threshold selection, achieved an accuracy of 0.86, precision of
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0.88, recall of 0.79, and AUC-ROC value of 0.93 on the test set.
These values confirmed that the assistant successfully guided users
to build a working classification model for diagnostic image analysis,
a task commonly encountered in analytical and clinical assay
worklows.

The second use case involved predicting RT in LC-MS structure-based
molecular representations. The dataset was drawn from the METLIN
SMRT study by Domingo-Almenara et al., which includes experimen-
tally measured RTs for 80,038 small molecules under standardized
reverse-phase LC conditions.®”’ Each molecule was encoded as a
1024-bit ECFP, a binary vector indicating the presence or absence
of circular substructures centered on atoms. The assistant guided
users through the process of training and evaluating three regression
models: a Random Forest Regressor, an XGBoost Regressor, and a
MLP neural network. As in the previous task, the assistant directed
users to split the data into training (75%), validation (15%), and test
(15%) sets.

Model performance was assessed using two common regression
metrics. MSE, which penalizes larger prediction errors, was calculated
as

I, o
MSE = n;(y; ) (4)

where y;is the true value and y;is the predicted value for each small
molecule. The coefficient of determination (R* Score), which meas-
ures the proportion of variance explained by the model, was defined
as

n — )2
R—1_ 1 )ﬁ) )

=y
where y is the mean of true RTs.

The assistant instructed users to compare model performance on
the validation set using the R? as the primary selection criterion,
given its intuitive interpretation as the proportion of variance
explained by the model. Although MSE was also reported, the user
prioritized R? for model selection, under which the Random Forest
Regressor achieved the highest validation performance among the
three baseline models. The assistant then guided users through
hyperparameter tuning and subsequent evaluation of the tuned
model on the held-out test set, where it achieved an R? of 0.77
and an MSE of 9,600 s~2. These results confirmed the model’s ability
to generalize to unseen data. Through this use case, the assistant
demonstrated its ability to guide nonexpert users through the
end-to-end development of a regression model for a data-rich bio-
analytical chemistry problem.
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