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Figure 1: The CoAutoML Framework. Our system integrates three core components: (1) a conversational LLM interface (left) for
ML task guidance, (2) a visual workflow panel (center) displaying step-by-step progress (data upload → domain knowledge →
test-cases → ML task formulation → AutoML process), and (3) an interactive test-cases flowchart (right) aligning with novices’
mental models of input-output mapping.

Abstract
An explosion in automated machine learning (AutoML) tools has
led to numerous back-end frameworks enabling users with machine
learning expertise to leverage the power of Machine Learning (ML).
However, to ensure that ML tools are openly accessible to all who
stand to benefit from their predictive and analytical powers, we
must examine how true novices without ML knowledge interact
with AutoML tools, perceive ML, and form their mental models of
ML processes. We achieve this goal with our user-facing framework
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that combines the understandability of conversation with Large
Language Models (LLMs) and the interface scaffolding necessary
to support true machine learning novices in building their own
models. We then evaluate the effectiveness of our framework in
a user study. Results show that our ML-novice participants felt
confident performing ML tasks independently, citing the tool’s ease
of use and its ability to help them formalize their ML goals.
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1 Introduction
As Artificial Intelligence (AI) moves towards becoming a General
Purpose Technology (GPT) of the 21st century [3, 25], the ability to
create AI systems becomesmore confined to a smaller set of people—
AI/ML experts. Many steps of a machine learning pipeline are highly
iterative and could be automated. As a result, Automated Machine
Learning (AutoML) [32] emerged with the goal of automating parts
of the ML process, including data processing, feature engineering,
model selection, and hyper-parameter optimization. The ultimate
goal of AutoML is to automate all steps of machine learning, from
dataset processing to model deployment. This would have the effect
of easing the job for AI experts, as well as democratizing AI by
enabling non-experts to build their own ML models.

However, most current AutoML tools such as Auto-WEKA, Google
AutoML, and H20 AutoML [4, 5, 23] primarily cater to theML expert
audience. They overlook the unique needs of non-experts, those
who may possess domain knowledge but have little ML exper-
tise. Opening up this ability to everyday users could allow citizen
scientists, journalists, teachers, etc. to solve issues in their local
communities. However, studies reveal a low user adoption of Au-
toML tools [28] even among experts. Recognizing this challenge,
the HCI community has recently started to advocate for a more
“Human-Centered AutoML Paradigm” to address the limitations of
existing ML systems by empowering non-experts to engage directly
in model development [1, 15, 19]. Furthermore, few research efforts
have bridged the gap between novices and ML in practice. Existing
studies primarily focus on users with prior technical backgrounds
or propose conceptual guiding frameworks without building em-
pirical tools to test their effectiveness [15, 33, 35]. To that end, we
run a baseline study showing that ML novices cannot use existing
AutoML systems and then build an empirical AutoML framework
specifically catered to a non-expert’s mental model of Machine
Learning. By integrating Large Language Models (LLMs) into our
AutoML tool, we enable non-experts to communicate their require-
ments directly to the platform, reducing reliance on intermediaries
such as data scientists.

Building on principles from human-centered AutoML and recent
advancements in LLM-based AutoML, we propose CoAutoML, a
novel framework that integrates mixed-initiative LLM interfaces,
Test-Driven Machine Teaching (TDMT), and LLM-based AutoML
tools. The proof-of-concept system in this article demonstrates the
feasibility of creating human-facing AutoML solutions for novice
users. This project marks a move toward more accessible AI, allow-
ing people from all walks of life to engage in ML-creation process
and solve issues in their local communities without extensive ML
expertise. Furthermore, by allowing non-expert users to deeply
engage in and understand how an ML algorithm works in an acces-
sible manner, we can equip them with the necessary critical lens to
navigate the modern world where ML has become so ubiquitous.

2 Prior Work
2.1 Automated Machine Learning
ConventionalML processes can be divided into four primary phases [7]:
data preparation, feature engineering, model creation, and model
evaluation. In the first stage, data scientists carry out a number
of tasks to clean and pre-process the raw data. This could involve
encoding the categorical variables, normalizing, handling missing
values, and more. Since the quality of the input data directly affects
how well the developed models perform in the future, this is one of
the most important phases in machine learning. The next step is fea-
ture engineering, which involves extracting relevant features from
the data, transforming them, or creating new features. The third
stage is model generation, during which users explore a range of
machine learning algorithms to identify the most suitable one. This
step also involves tuning the hyperparameters for some models,
which cannot be learned and must be hand-picked by a human. The
last step is model evaluation, when data scientists evaluate the ML
models’ performance using evaluation metrics such as accuracy,
precision, recall, F1 score, etc. to examine how well the models
perform on unseen data.

Throughout this process, data scientists frequently perform all
these steps, often by trial and error. For example, hyperparameter
optimization requires iteratively testing combinations of parame-
ters to find the best-performing set. These problems make conven-
tional machine learning processes human resource-intensive.

AutoML addresses this inefficiency by automating the complex
process of hyperparameter tuning and algorithm selection [32].
The goal of AutoML is to identify the combination of algorithms
and hyperparameters, referred to as the pipeline, that minimizes a
:-fold cross-validated loss [18].

Over the years, the scope of algorithmic AutoML expanded to
include automatization of other stages of the ML pipeline, such as
feature engineering and model deployment, eventually leading to
end-to-end automation of the entire ML pipeline [30], now present
in solutions like Google Cloud AutoML, Microsoft Azure Machine
Learning, and AutoKeras [10]. This leap forward, with AutoML’s
promise of automating all steps of an ML pipeline, allows data
scientists to find optimal models much easier and non-experts to
be able to engage in ML without requiring extensive expertise.

2.2 Human-Centered AutoML
Current discourse onHuman-CenteredAutoML primarily addresses
machine learning practitioners or non-experts with some cod-
ing/ML experience [15, 22, 35]. However, they overlook the needs
of true novice users—those with zero programming and machine
learning experience.

Nevertheless, insights from these papers offer valuable perspec-
tives on human-centered AutoML that can inform our own re-
search. For instance, prior work identified three key challenges
users face with real-world AutoML tools: customizability, trans-
parency, and privacy [22]. Similarly, Lindauer et al. further empha-
size that improving the interpretability of AutoML, designing better
user interfaces, and extending the human-centered automation par-
adigm to other aspects of the data science workflow are critical
next steps [15]. Through interviews with 16 ML practitioners, Xin
et al. found that full automation is neither a requirement nor a
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Figure 2: Test-Driven Machine Teaching Interaction Flow adapted from [35]

desired outcome; instead, the focus should be on creating “human-
compatible” tools that enhance transparency and trust while giving
users a sense of agency. Their findings advocate for an interactive,
human-in-the-loop approach to strike the delicate balance between
human control and automation. Additionally, they emphasize that
AutoML tools need to be adaptable to users’ expertise levels, both
in terms of the UI and the jargon used. They advocate for a back-
and-forth, interactive dialog between a human and the machine to
address each others’ blind spots.

Through conducting interviews and surveys with around 100
non-experts (those who lack formal ML training, but actively build
ML models), Yang et al. identified several key insights [35]:

(1) Non-experts rarely start with a predefined problem but in-
stead have data ready at hand and explore how ML can help
them learn from the data.

(2) They often have a deep understanding of the problem as it
relates to their work and hobbies.

(3) Their mental model of ML is largely based on input-output
mapping: data goes in, predictions come out.

(4) Non-experts tend to over-rely on accuracy as the sole mea-
surement of success, overlooking other important factors
such as robustness, overfitting, etc.

Additionally, they identified several challenges faced by non-
experts when using AutoML systems:

(1) Non-experts often struggle to formulate a clear and feasible
ML goal.

(2) Their main strategy to improve the model’s performance
was to add more data; none of the interviewed non-experts
attempted to perform feature engineering.

(3) Although non-experts didn’t fully understand the concept of
“features,” they recognized their value through their impact
on the model’s performance.

These findings underscore the need to design accessible AutoML
tools for novice users that closely match their mental models of ML
and accommodate non-experts’ knowledge gaps.

2.3 Test-Driven Machine Teaching (TDMT)
To address these challenges and cater to non-experts’ mental model
of ML, Yang et al. introduce the novel interaction flow, Test-Driven

Machine Teaching (TDMT), to help guide HCI researchers in build-
ing tools suited for non-experts’ needs [35]. TDMT (adapted in
Figure 2) encourages users to define test cases before building an
MLmodel. This approach encourages non-experts to think critically
about their problem, fostering incremental learning both of their
intentions and the mental model of the ML system. Through a hand-
picked process of providing the test cases, non-experts can begin
to formalize their own ML goal. After test cases are provided, the
tool suggests feature engineering and machine learning algorithms
based on the data and alerts users of data quality issues. Upon train-
ing the model, the tool shows predictions based on the provided
test cases. This differs from other AutoML tools that usually show
visualizations and statistics, which require ML expertise to inter-
pret. Instead, the test cases users provide are personal to them, and
therefore easy for them to understand and evaluate. Most impor-
tantly, this test-driven approach prevents users from over-relying
on the accuracy metric to evaluate the performance of a model,
a common pitfall. To our knowledge, there does not yet exist an
implemented application of the TDMT approach in an interactive
AutoML tool for non-experts.

The work on “Machine Teaching” does look at supporting users
with minimal to no ML expertise to build supervised models, with
some success [29]. However, the authors’ MATE system uses a
“Wizard of Oz” approach in which all the ML guidance is provided
by a human expert observing a live feed of participants’ behavior.
This suggests that systems can support novices in building machine
learning models, but with LLMs it might be possible to build real
versions of working machine teaching.

These papers strengthen the need for developing accessible Au-
toML solutions for complete novices as a necessary and timely
pursuit. By building on the extensive research conducted in these
connecting areas, there is a promising opportunity to carve out a
nascent branch of AutoML research specifically focused on sup-
porting true novices so that all may access the power of ML tools.

2.4 LLMs as Interfaces for AutoML
LLMs offer fertile ground for AutoML with natural language inter-
faces with emerging studies exploring the synergy between LLMs
and AutoML [24]. The authors identify several promising avenues,
including using LLMs as a bridge between users and complex algo-
rithmic interfaces. LLMs provide the necessary knowledge of the
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Figure 3: Text-to-AutoML tool example usage. Screenshot is from [34].

best machine learning practices embedded in the extensive data
they were trained on, and AutoML helps to optimize the code by
algorithmically searching for the most optimal solution.

With the increasing popularity of LLMs, there has been a no-
table surge in research aimed at developing LLM-based AutoML
tools. For example, Xu et al. developed a promising AutoML tool
using LLMs [34]. This tool performs a number ML tasks, generating
optimal ML models based on textual JSON input shown in 4. Users
are prompted to enter all the necessary information in text format.
This response is still inaccessible to novice users, as they might not
fully comprehend these important aspects of AutoML settings.

Figure 4: Example JSON code the user must specify for the
AutoML system in [34].

Other LLM-AutoML projects face similar shortcomings. For ex-
ample, the work by Zhang et al. [36] is able to solve complex ML
tasks by dynamically training models with optimized hyperparame-
ters using LLMs. To achieve this, the user-provided input paragraph

is fed into an LLM to generate a prompt that establishes the Au-
toML pipeline. LLMs handle all steps of data preprocessing, model
architecture design, hyperparameter tuning, and the prediction log.
However, the input paragraph consists of a detailed “Data Card,”
which includes data description such as data name, input data type,
label space, and evaluation metric; a “Model Card,” which contains a
description of the model name, model structure, model description,
architecture hyperparameters, and evaluation metric. Additional
requests may also be included, such as constraints like “the infer-
ence time smaller than 10 FPS.” Like Xu et al., this project and many
others such as AutoM3L [17] and AutoGluon [31] lack an intuitive
user interface and is designed for ML experts, requiring technical
knowledge to provide extensive models and data descriptions [34].

To begin training the model, users must have clear goals from the
beginning, although non-expert users rarely start with a predefined
goal in mind and even have a hard time understanding the meaning
of features or tend to over-rely on the accuracy metric [35]. There-
fore, such extensive and accurate descriptions would alienate novice
users when training the model. Instead, we need something that
integrates a human-in-the-loop approach to encourage incremental
learning and gently steer the user towards understanding their goal
and ML task. There is a growing body of research on AutoML with
LLMs that often shares the same shortcomings [8, 17, 21, 26, 27].
Therefore, the key question to consider is: how can we address this
issue to bridge the gap between current LLM-based AutoML tools
and a human-centered AutoML paradigm?
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3 Design Motivation
3.1 Baseline Study
To motivate the development of our own system, we conducted a
baseline assessment to see how e�ectively non-experts could inde-
pendently de�ne their ML objective and specify input/output data
in the format required by LLM-based AutoML tools. As our system
is intended for users who have domain knowledge, but lack aware-
ness of machine learning, our target users for this baseline study
generally do not have a deep understanding of data requirements
for building ML models nor ML evaluation metrics. As part of the
user study described in Section 6, we recruited 16 participants who
self-identi�ed as novice users through a pre-questionnaire (demo-
graphics details in Table 6). Before interacting with our CoAutoML
system, participants completed a short form which prompted them
to delineate the same categories of information required by the
Text-to-AutoML system described in [34]. We adapted the phrasing
for each question from the JSON description prompts used in [34]
as shown in Table 1.

Table 1: Prompts for gathering baseline interactions with
Text-to-AutoML System.

Input data Please describe your input data. The in-
put data contains the features that are the
characteristics or attributes of the dataset.
These features provide information that
the model uses to make predictions.

Output data Describe the expected output data, also
known as 'labels' or 'targets', which rep-
resent the desired prediction or outcome
associated with each input example.

ML Objective Describe the task objective, which de-
scribes the goal of the machine learning
task.

Evaluation metrics Describe the evaluation metrics, which
are numerical measures of how well the
model's predictions match the desired out-
come.

Files Describe the available �les given in your
task.

Our baseline assessment revealed signi�cant barriers preventing
novice users from using existing LLM-based AutoML tools. For
example, no participants correctly identi�ed the evaluation metric,
descriptions of the dataset lacked technical depth necessary to use
the Text-to-AutoML tool, input and output data descriptions were
largely overly vague and unusable with the Text-to-AutoML tool.

Table 2 further illustrates this gap by comparing expected Text-
to-AutoML inputs with most representative novice responses.

3.2 Design Implications
Based on prior research and the challenges faced by novice users
in using Text-to-AutoML, we categorized the following key design
goals (DG) to address in our own system, summarized in Figure 5.

DG1: LLMs as a Mixed Initiative Interface Early work on
mixed-initiative systems by Horvitz [9] laid the groundwork for

balancing human and machine agency principles that �nd renewed
relevance in the context of LLMs. Our system takes inspiration
from Horvitz's framework by adapting its core ideas to the needs
of ML non-experts. In the context of AutoML, prior research estab-
lished that non-experts rarely start with a prede�ned ML task [35]
but rather have data they're looking to learn from. Therefore, it
is crucial that our platform infers user intent over time through
sca�olding and engaging in iterative dialog to resolve lingering
user uncertainties. This approach radically di�ers from other LLM-
based AutoML tools that require users to de�ne the modeling task
upfront [8, 17, 21, 26, 27, 34].

Following the best Mixed Initiative principles, users of our sys-
tem should be able to modify any part of the work�ow at any time,
whether that means editing domain knowledge items, adjusting
test cases, or tweaking the generated ML task or model use. The
system must update its internal state accordingly and maintain a
shared context throughout these interventions.

In response to the adaptability and transparency challenges high-
lighted in [22, 33], our system makes the inner workings of AutoML
fully transparent. However, to avoid overwhelming non-expert
users, technical complexity is initially kept behind a default inter-
face. Users can decide to reveal deeper layers of detail, including
downloadable source code, enabling inspection for deeper under-
standing, when desired. The AI should also default to communicat-
ing in non-technical language unless the user asks otherwise.

DG2: Domain Knowledge Sharing. Kazemitabaar et al. [11]
showed how editable AI-generated assumptions about data columns
can improve both code generation and serve as a helpful mechanism
for sharing domain knowledge from human to AI. In our system,
we adapted this approach for AI-assumptions and incorporated
them into the LLM-based AutoML code generation. Our baseline
showed novices struggled to describe their data in depth and tech-
nical detail. The domain knowledge sharing stage addresses this
by �rst generating a set of assumptions for each column, highlight-
ing things such as the column's meaning, importance, and role,
and providing sca�olding for novices unfamiliar with feature en-
gineering concepts. Users can accept, modify, or delete generated
assumptions, maintaining agency while reducing cognitive load.

DG3: Test-Driven-Machine-Teaching (TDMT) Integration.
Yang et al. [35] identi�ed that non-experts' mental model of ML
largely centers around input-output mapping. They proposed Test-
Driven-Machine-Teaching as a paradigm that matches novices'
expectation of ML but did not implement the actual system. CoAu-
toML is the �rst to operationalize the TDMT framework outlined by
Yang et al. While the authors did not propose a concrete UI design
for TDMT, we envision TDMT as an interactive �owchart, similar
to Google's Teachable Machine [2], where input nodes feed into an
output node mirroring the intuitive �data goes in, predictions come
out� mental model of non-experts uncovered in [35].
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Table 2: Comparison of example Text-to-AutoML provided prompts from paper [ 34] and corresponding novice responses to the
same prompts.

Question Sample Text-to-ML Prompt [34] Sample Novice Response
Input Data Various features about various locations in

Boston, such as per capita crime rate and pro-
portion of residential land zoned for lots over
25,000 sq. ft.

�The input data is the information we have about
each house such as its number of bathrooms or
the area it's located in� (P7)

Output Data The housing price of each location. �A number? or like a prediction based on how
good the investment would be� (P3)

ML Objective For each location in Boston, predict the housing
price of the location.

�task is to evaluate the di�erent characteristics
and predict the price/viability of investment
(but I am not sure)� (P2)

Evaluation Metric RMSE �The evaluation metrics would be something
like a di�erence of how close it is to an expected
average� (P4)

Files workspace/data.csv : A table of various fea-
tures and housing prices across di�erent loca-
tions in Boston. The table has fourteen columns.
The �rst thirteen columns of the table are
features used for prediction. The last column
named 'MEDV' is the output/target of the pre-
diction (housing price).

�a data table with di�erent transactions� (P3)

4 CoAutoML
Building on our design principles from Section 3.2, we propose
CoAutoML, a novel framework that integrates mixed-initiative
LLM interfaces, Test-Driven Machine Teaching (TDMT), and LLM-
based AutoML tools. The proof of concept system in this article
demonstrates the feasibility of creating human-facing AutoML so-
lutions for novice users. CoAutoML's most distinctive feature is its
ability to cater to non-experts' mental models of Machine Learn-
ing to extract critical information necessary�such as input/output
data, ML objective, evaluation metrics, �le descriptions�to feed
into LLM-based AutoML tools like [8, 17, 21, 26, 27, 34].

The user interface is structured around three primary compo-
nents: chat, work�ow, and test cases. The chat section serves as
the user's main entry point and support system. The work�ow sec-
tion encapsulates the stages of Machine Learning in a step-by-step
process revealed sequentially: (1) data upload, (2) domain knowl-
edge sharing, (3) test case selection, (4) custom ML task review, (5)
and a �nal AutoML code generation phase. These two components
combined serve to address DG1 and DG2.

The �nal phase (5) is also split into two tabs adapted for users'
skill levels: �Overview� abstracts the technical details and shows
informative status updates while the AutoML tool runs in the back-
ground, and the �Advanced� view presents full output from the

Figure 5: Summary of design goals based on ML stage, expert practices, and novice challenges.
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Figure 6: The CoAutoML full-scale interface showing three integrated panels. See Table 3 for detailed descriptions.

AutoML backend, shows optimization search history, highlights
the best performing model and data preparation strategies, and pro-
vides access to download all generated �les. The most distinctive
feature of CoAutoML is its real-world implementation of TDMT as
discussed in DG3, which is represented as a section on the right
tab pictured in Figure 8.

4.1 Core Features and Usage Scenario
Below, we explore the core features of our tool through a typical
interaction with a user persona who has no coding experience.

John is an experienced farmer who has grown crops for over 20
years. Recently, he started collecting structured data about his har-
vest�soil quality, moisture levels, crop yields, and fertilizer usage
hoping to better understand how di�erent variables a�ect his results.
Over time, John has built up spreadsheets full of this data, but he is
never quite sure what to do with it, until he hears about the CoAutoML
desktop application and decides to give it a try.

Table 3: Description of CoAutoML interface panels (Figure 6).

Panel Description

Chat (Left) Users converse with the AutoML Assistant, which explains model results in accessible language.

Work�ow (Center) Stage 1 : Data Upload. For more details refer to Figure 7a.

Stage 2 : Domain Knowledge Sharing (Assumptions). For more details refer to Figure 7b.

Stage 3 : Test-Cases (Observations). For more details refer to Figure 8.

Stage 4 : Editable task speci�cations (H ) including input/output data, task objective, and evaluation metrics for the

Text-to-AutoML tool.
Stage 5 : AutoML results with Overview and Advanced tabs (I ), plus a button to run the trained model against test-cases (

J ). Refer to Figure 9 for more details about the Advanced Tab.

Test-Cases (Right) Implements Yang et al.'s TDMT [35] via a node-based interface, where users can:

(1) Input test-cases duringStage 3 (e.g., Fertilizer: Urea, Nitrogen: 85) (Figure 8,2 )

(2) Specify expected output (Yield: 3.6) (Figure 8,3 )

(3) Run the trained ML model (4 )

(4) Compare predicted output (Yield: 3.58) against expectation (5 )
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(a) Stage 1: Data Upload

(b) Stage 2: Domain Knowledge

Figure 7: The work�ow panel (zoomed in) guiding users

through key stages. (a) Stage 1: Users can upload their data,

preview the dataset using the �Show� button ( A ), and view

the short �le/folder blurb ( B ). (b) Stage 2: Domain Knowl-

edge displays column cards ( C ) showing LLM-generated
assumptions. Users can add new domain knowledge entries
via the �+ New� button ( D ), remove columns using the delete

button ( E ), or add new columns via the �Add New Column�

button ( F ).

Data Input and Analysis. John downloads the app, launches it,
and is greeted by a simple interface: a chat window on one side, and
an initial panel for uploading his data on the other. John uploads his
comma-separated values �les, and the assistant immediately begins
parsing the contents, generating some initial information based
on the uploaded �les (Figure 7,Stage 1, B ). The assistant lets

him know it recognized crop-related information on the chat panel
and created a few assumptions. The assistant then prompts John to
review and edit the assumptions based on his domain knowledge.

Input Assumptions. John reads over the generated assump-
tions for each column, making sure that they align with what he
had in mind, and �ne-tunes them drawing from his deep domain
expertise (Figure 7,Stage 2). He can edit or delete generated as-

sumptions by hovering over the �eld (Figure 7,Stage 2, C , D

). Additionally, he may delete entire columns or add missing ones
using E and F . Once he's satis�ed, he lets the assistant know.
The tool then prompts John to input a set of real-world examples
from his farm. Throughout the process, the assistant clearly com-
municates what is happening, what comes next, and why, so John
feels con�dent and in control.

Test-Cases. The app highlights the button where John can add
his observations (Figure 7,Stage 3 G.1 ). Once clicked, a new

section opens on the screen showing a diagram: input nodes (fea-
tures) �ow into a single output node (target), mimicking the familiar
mental model of ML systems where �inputs go in, outputs come
out� [ 35] (Figure 8). On one side, he sees the input columns tied to
the assumptions he made earlier (Figure 8,2 ); on the other, there
is an output node inviting him to enter an expected output (Figure
8, 3 ). Visual labels guide John through the diagram, explaining

each step (Figure 8,1 ).
He pauses to re�ect on what he wants to achieve with this data,

then begins entering values for a typical crop that thrives under
the Urea fertilizer and choosing the yield type as the expected
output he wants to predict. Each time he adds a new test case, a
progress bar updates on the work�ow panel (Figure 8,Stage 3).

When su�cient test-cases are added, John is prompted to submit
his examples to the assistant.

Custom ML Task Generation. The assistant analyzes the ex-
amples and generates a custom machine learning task based on
John's observations (Figure 6,Stage 4). It reiterates the machine

learning objective in a user friendly way in the chat window, asking
John to con�rm if he wants to proceed. The assistant's message
uses orienting phrases like �in the �Work�ow section�, or �to the
left of your screen� when referring to UI components on the screen.
If John wants to make adjustments, he can talk to the assistant to
adjust the task. Once con�rmed, the app enters the AutoML stage,
where it automatically creates custom machine learning pipelines
and code modules tailored to his goal (Figure 6,Stage 5). While

the task is processing on the backend, a loading screen keeps John
informed with friendly updates.

AutoML Process. After a few minutes, training completes, and
John sees a blue button inviting him to test his observations and
view the predicted output (Figure 6,Stage 5, J ). The original

observations on the test-cases panel are updated with a new node in
the middle showing the model (Figure 6,4 ), and two nodes coming
out of it, representing the predicted and expected outputs (Figure
6, 5 ), allowing for side-by-side comparison. John can quickly
assess how well the model is performing just by looking at the
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