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Abstract

The Data Science Consulting Program at North Carolina State University Libraries, in partner-
ship with the Data Science and AI Academy, provides comprehensive support for a wide range
of tools and software, including R, Python, MATLAB, ArcGIS, and more, to assist students,
faculty, and staff with their data-related needs. This paper explores the integration of generative
Al specifically ChatGPT, into our consultation services, demonstrating how it enhances the
efficiency and effectiveness of addressing numerous and diverse requests. ChatGPT has been
instrumental in tasks such as data visualization, statistical analysis, and code generation, al-
lowing consultants to quickly resolve complex queries. The paper also discusses the program’s
structured approach to consultations, highlighting the iterative process from initial request to
resolution. We address challenges like prompt engineering and response variability, offering best
practices to maximize the tool’s potential. As Al technology continues to evolve, its role in our
data science consultations is expected to expand, improving service quality and the consultant’s
ability to handle increasingly complex tasks. The study concludes that ChatGPT is a valuable
asset in academic data science, significantly streamlining workflows and broadening the scope
of support provided by our program.
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Disclaimer

NC State University Libraries Data Science Services and NC State University Data Science and
Al Academy have no affiliation with the developers of ChatGPT or OpenAl; the opinions
and experiences shared in this study reflect solely authors’ view. Additionally, our use of Chat-
GPT in our data science consultation service is strictly non-commercial and for productivity
enhancement purposes only.

1 Introduction

The application of data science approaches is becoming widespread across many disciplines,
from engineering to life sciences to humanities. In academic settings, particularly at research
institutions, students, faculty, and staff may need assistance using emerging technologies or
analysis approaches to explore, visualize, and synthesize their ever-growing datasets (Kirk, 1991).

*Corresponding author. Email: alptezbasaran@ncsu.edu or swhrown@ncsu.edu.

© 2025 The Author(s). Published by the School of Statistics and the Center for Applied Statistics, Renmin
University of China. Open access article under the CC BY license.
Received August 29, 2024; Accepted April 4, 2025


mailto:alptezbasaran@ncsu.edu
mailto:swbrown@ncsu.edu
https://creativecommons.org/licenses/by/4.0/

Data Science Consultations with ChatGPT 417

Requests by transaction type
FY2022-23

- E

W Email

Online Consultations
° ° n <
° B In-person Consultations
L B Y . Do
p-in

Chat

2022

Figure 1: Total number of transactions our team had in fiscal years 2022 and 2023 (Marchesoni
et al., 2024).

At North Carolina State University (NC State), the Libraries’ Department of Data Science
Services and the Data Science and Al Academy offer free data science consultations to any
NC State affiliate through their data science consulting service. This service receives data help
requests through a dedicated email inbox, scheduled consultations, and drop-in consultations
within the Libraries. We have graduate students as consultants working part-time under the
supervision of full-time non-tenure track faculty specializing in data science. A more complete
description of NC State’s data science consulting program and staffing model can be found in
Marchesoni et al. (2024).

Requests from our patrons (i.e., NC State University affiliates), span the entirety of the
data science lifecycle, and require knowledge of a wide range of tools and software. We currently
support tools/software including but not limited to R, Python, MATLAB, ArcGIS Pro/ArcGIS
Online, Google Sheets/Excel, SAS, SPSS, and Stata and concepts such as high performance
computing, version control, statistical analysis, and geospatial analysis. We answer questions
related to study design, finding data, data preparation, analysis, data visualization, and software
and or environment help. In the past two fiscal years of 2022 and 2023, the consulting program
at NC State University has answered more than 3500 requests for support from across the
university (Marchesoni et al., 2024). Figure 1 shows our transactions for 2022 and 2023 and
their intake methods.

While total numbers are essential when evaluating capacity, they do not provide a complete
picture of the time and resources involved in this work (Blake et al., 2024). Consulting is an
iterative process, and involves both technical and communication skills throughout (Kirk, 1991;
Kenett and Thyregod, 2006). A request may start as an intake email, which requires some
initial research by the consultant to attempt to answer the request, find the correct person to
answer the request, or find resources to support the patron in answering the request. After this
investigation phase, the patron may meet with a consultant and discuss their problem in detail.
This often reveals additional components to the initial request, requiring more research for the
consultant to resolve the question. This iterative approach may require returning to multiple
stages (email, research, meetings) before a final resolution.

In the rapidly evolving field of artificial intelligence (AI), generative AI has emerged as
a groundbreaking technology, reshaping the way we interact with and harness data. At its
core, generative Al refers to sophisticated algorithms capable of creating new, diverse content —
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ranging from textual outputs to complex images — by learning from vast datasets. This technology
has revolutionized numerous sectors, fostering innovation and efficiency (Meyer et al., 2023;
Azaria et al., 2024).

ChatGPT, a state-of-the-art language model developed by OpenAl is a prime example of
generative Al’s prowess. ChatGPT, built on the GPT-4 architecture, stands as a pinnacle of
conversational Al It is designed to understand and generate human-like text, enabling seamless
and intuitive interactions. Trained on a diverse range of internet text, ChatGPT can engage in
discussions, answer questions, and even mimic stylistic writing nuances, making it an invaluable
tool in various applications.

In the context of data science consultations, the capabilities of ChatGPT take on a trans-
formative role. Its ability to process and analyze large datasets, generate insightful observations,
and assist in model development positions it as an invaluable asset in data science. This intro-
duction sets the stage for an in-depth exploration of how ChatGPT can be leveraged in data
science consultations, highlighting its potential to streamline analysis, foster innovation, and
drive informed decision-making in this field.

In Section 2, we briefly describe the data science consultation process we adopted over
the years, Section 3 shows the example use cases and discusses how ChatGPT helped; Section 4
summarizes our learnings, and the best practices that apply to consultation style hands-on work,
and finally in Section 5 we conclude the study with a discussion on how ChatGPT and generative
Al can advance data science, and data science communication. For convenience:

Patron requests we received are highlighted via verbatim.

ChatGPT prompts are highlighted in lstlisting snippets.

2 Data Science Consultation Approach

While it may seem counterintuitive, technical expertise is not the only skill required for a suc-
cessful data science consultation. Data science consulting shares a methodological approach to
statistical collaboration in that a series of steps should be followed throughout the interaction
(Kenett and Thyregod, 2006; Kirk, 1991; Vance et al., 2022; Barman et al., 2022). Effective
communication and problem definition are critical components of this process, surrounding the
obvious technical steps involving working with and analyzing data. Our general consultation
steps are as follows:

1. Initial request
Preparation
Meeting with the patron
Iteration on the problem
Resolution

The first step, Initial Request, involves the client reaching out with a specific problem or
need, often accompanied by their dataset or a broad description of the issue. This step sets the
stage for the entire process and requires clear communication to understand the patron’s objec-
tives and constraints. Next, during the Preparation phase, the data science consultant gathers
relevant background information, reviews the provided data, identifies necessary tools and tech-
niques, and often conducts preliminary analyses. This step is crucial for identifying potential
challenges and formulating initial solution steps. The Meeting with the Patron follows, where
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the consultant engages directly with the client to discuss their findings, refine the problem state-
ment, and ensure alignment on goals and expectations. This interaction helps clarify ambiguities
and allows for incorporating the client’s insights and feedback. Moving forward, the Iteration on
the Problem involves a cyclical process of developing models, analyzing results, and continuously
refining approaches based on iterative feedback and emerging data patterns. This step is highly
dynamic and often the most time-consuming. Finally, the Resolution stage brings the consulta-
tion to a close, with the consultant presenting the finalized solution, delivering reports, and, if
necessary, providing guidance for implementation. This step ensures that the patron has a clear
understanding of the outcomes and actionable insights derived from the consultation, leading to
informed decision-making and successful application of the results. Each of these steps is critical
in ensuring that the data science consultation is thorough, collaborative, and ultimately effective
in addressing the patrons’s needs.

Our two biggest challenges are time constraints and both in-breadth and in-depth
knowledge requirement about the concepts and tools we support. Like most academic re-
search institutions, a wide variety of research is being done, and we may receive questions from
researchers across various research disciplines (Kirk, 1991). To elaborate, by in-breadth, we mean
that our consulting program must maintain expertise in many cutting-edge concepts and tools,
for they are the most relevant to the data science lifecycle. Furthermore, the in-depth knowledge
requirement signifies the need for deep understanding and experience in particular topics. How
to convert one’s simulation code to utilize parallel computing can be an excellent example of an
in-depth knowledge requirement in scientific computation.

3 ChatGPT Use and Example Cases
3.1 ChatGPT Use

ChatGPT is designed to be a chatbot, and for the majority of our use-cases we utilize it as such.
OpenAl has an available API too for more coding heavy requests, but this study focuses solely
on the chat service which is available for free.

Before submitting a prompt to ChatGPT, the consultant must assess if this tool can assist.
ChatGPT serves as a valuable tool for addressing a variety of tasks, particularly those that
involve general explanations, code generation, and methodological advice. It is well-suited for
responding to requests such as clarifying statistical concepts, offering basic interpretations of
data trends, generating or correcting code snippets, and recommending appropriate tools or
resources. Additionally, ChatGPT can provide high-level guidance on workflows, such as struc-
turing data pipelines or selecting suitable methodologies for handling missing data. However, its
utility diminishes when faced with more complex or domain-specific tasks, such as in-depth data
analysis, debugging intricate technical issues, or interpreting proprietary frameworks. Moreover,
ChatGPT is not appropriate for handling sensitive or confidential data due to privacy concerns,
nor is it advisable to rely on it for real-time decision-making or critical operations that require
nuanced understanding and accountability. Once decided as suitable, we use a prompt that is
descriptive enough and upload any related files (only applies to the paid version of chatbot, not
a necessity), keeping the privacy of our patrons. If the response can be used with little to no
modification, we immediately utilize it. However, some cases require more in-depth discussion
and a few more steps toward the desired goal. In that case, we modify our follow-up prompts by
considering the previous parts of the discussion and what needs to be modified. We identified
the following guidelines for a quick and concise issue resolution.
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Table 1: Custom Chat-GPT instructions used for the threads used in this study.

What traits should If applicable, you must also provide an example

ChatGPT have? with Python with synthetic data. The provided code
must be working correctly, complete, and ready to
execute. The code must have the proper comments and
debug print statements, with an option to disable

printing.
Anything else ChatGPT I am a data scientist. You must evaluate every query
should know about you? from a data scientist’s perspective and use critical

thinking to provide the best possible answer. You must
avoid wrong practices and always briefly promote the
best practices. If there is an uncommon term, you
must elaborate.

3.2 Example Use Cases

This section introduces the example cases in which ChatGPT was employed for various reasons.
Each example shows the tool’s vast capabilities and versatility. These cases are not synthetically
generated but picked from actual requests our program has previously resolved. We slightly
modified the outputs to keep our patrons’ privacy without forsaking reproducibility.

While a comparison between answering these requests using Al and versus without would
be interesting, the examples described here were completed without a goal in mind to publish.
Consultants in our program are working on numerous requests, so it is unlikely we would assign
the same request to two different consultants — one using Al tools and another without. So
while we cannot give a comparison in time to completion for each scenario, we have added a
description of a general process of how you could approach the requests below without the use
of generative Al. Also, we mention below about custom instructions. And we would like to list
the ones used to generate responses in this paper. You can enable Custom Instructions by going
to Settings — Personalization — Custom Instructions — Toggle on Enable for new chats. The
relevant fields are shown in Table 1.

3.2.1 Ashby Plot

Our patron initiated her request through email. She wrote:

I need an Ashby plot for the tenacity and specific modulus of selected
materials. Your expertise in this matter would be highly appreciated.
Thank you.

Our team had never heard of Ashby plots before. Named after its developer, Michael Ashby,
Ashby plots are scatter plots that show at least two or more properties of materials or material
groups. The points are stretched into an elliptical shape to show the range of the properties
for each material. These can include material properties such as modulus vs. density, fracture
toughness vs. strength, and property vs. cost charts (Ashby, 2011). From a data science con-
sultant perspective, there are material properties; some can include uncertainty, hence ranges.
Utilizing the shape, marker, color, transparency, and other customization options provides more
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An Ashby plot, also known as a material property chart, is a graphical
representation used to compare material properties and help in the selection of matplotlib.pyplot plt
materials based on their attributes. Here's an example dataset that you can use

to create an Ashby plot, comparing Young's Modulus and Density of various materials = [

materials. youngs_modulus = [210,
density = [
csv. (P Copy code

plt.figure(figsize=(10, 6))
Material, Young's Modulus (GPa), Density (g/cm3) plt.scatter(density, youngs_modulus, s=100, color='b', alpha=0.5)

Steel, 210, 7.85
Aluminum, 70, 2.70
Titanium, 116, 4.51
Copper, 110, 8.96
Magnesium, 45, 1.74
Carbon Fiber, 228, 1.60
Glass, 70, 2.50
Polystyrene, 3.2, 1.05
Polyethylene, 0.8, 0.95

Bamboo, 11, 0.75 plt.grid(
plt.show()

i, material in enumerate(materials):
plt.text(density[i], youngs_modulus[i], material, fontsize=9, ha=

plt.xlabel( )
plt.ylabel(
plt.title(

)

Figure 2: Initial response to Ashby plot inquiry by ChatGPT.

information and dimensions on the plot. Once we scrutinized what an Ashby plot constitutes
with the help of ChatGPT (https://chatgpt.com/share/df0facOa-133e-4d02-9803-947d0eb44d76,
ChatGPT Version 40), we started the iterative consultation process. After initial searches and
checking the source material, we went to ChatGPT and prompted the following simple ques-
tion:

example data for ashby plot

ChatGPT then provided a brief description, example data, and a code to generate the plot
in Python, shown in Figure 2. Beware that we gave ChatGPT custom instructions to output a
code snippet in Python when applicable, which is not the default behavior. We could prepare a
script to generate the desired plot with the proper customizations before our patron prepared her
final data with ChatGPT’s help. Once she sent us her data, generating and delivering the plot
and steps to reproduce such figures took only minutes. Figure 3 shows the reproduced modified
final plot. We iterated with the chatbot a few more times with the following prompts for the
final product:

i have ranges for some of the materials

instead of error bars, can we change the size of the marker?

what about different ranges in different properties, the markers should be
ellipses

this is a good start. can we add color and a legend instead of annotating.
it is overlapping

To approach this request without using Al, a consultant would use Google (or another
search tool), to look up information on Ashby plots. They would then Google how to gen-
erate this plot using python packages and would have to review multiple tutorials or links.
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Figure 3: Final version of Ashby plot (modified from original).

Once an approach is decided on, the consultant would read the documentation for the sug-
gested package, and likely would have to search for information on annotation, how to change
colors, and how to make the desired edits requested by the patron. This approach would re-
sult in numerous tabs or browser windows and would require reading materials from multiple
sources.

3.2.2 Optical Character Recognition (OCR)

This walk-in request was from a graduate student who wanted to extract measured temperature
values from a section in a video for each frame. He wanted to use the time-dependent data for
further analysis. He needed to perform this operation error-free and multiple times for different
experiments. We asked our patron to send us the relevant information and an example video.
Videos were at least one minute long and formatted in a specific way shown in Figure 4. Our
patron specifically wanted the numerical values shown on the right-hand side, above the legend
for each frame, highlighted in the rectangle. After our initial interactions, we defined this short
project’s goal, scope, and deliverables. He was interested in performing extraction using Python,
and the extracted data should be in the CSV file format, including the frame’s timestamp and
the numerical temperature value. As a follow-up, the patron emailed the following:

I am extracting temperature data from my thermal camera. The data is
output onto the screen, on a fixed area continuously throughout the
recording. I am trying to create a python code with the tesseract and open
CV libraries that extracts each frame from the video and graph the data in
a temperature vs. time graph.

The video is 320x240 pixels with the location of the text I am extracting
(using OCR) at pixels 287, 41 pixels in a box of width 33x28, where the top
text is located.
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Figure 4: Frame of a video recorded by a temperature measurement camera.

This time, we recognized some details we could omit and generalized the problem before
asking for help. This generalization is not an abstraction, meaning that we still keep the main
aspects of the request, such as the data being in video format (frames), there is a need to keep
timestamps, needed OCR on a specific region, and the output format. So we prompted the fol-
lowing (https://chatgpt.com/share/528aaaad-1799-4bea-8864-1974692b049¢, ChatGPT Version
4o-mini):

I have a video and my goal is to collect data from each frame. Fortunately

the video content is structured and I am interested in the number located
in

a specific area on the frame. can you give me an example code please

ChatGPT responds with the steps required:

Certainly! Let’s break the process down step-by-step:
o Extract Frames from Video: We'll use OpenCV to read the video and extract
frames.
e Crop the Region of Interest (ROI): Once we have the frames, we can crop to the
specific area where the number is located.
e Extract Text from the Cropped Image: We can use Optical Character Recognition
(OCR) to extract the text from the cropped image. For this, the pytesseract library is
a popular choice.
- Code snippet to perform the operation.
Notes:
- You'll need to have both opencuv-python and pytesseract libraries installed.
- The pytesseract library requires the Tesseract binary to be installed on your system.
You can follow the installation guide for your OS from the official Tesseract GitHub
repository.
- Adjust the roi (Region of Interest) tuple to match the location and size of the area where
the number is located in your video frames.
- The —psm 6 configuration for pytesseract assumes that the text in the image is sparse.
Depending on your image, you might need to adjust this configuration for better accuracy.
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Traceback (most recent call last): but i am getting the following results:
File "see_video.py", line 34, in <module> ['99\n\x0c, '99\n\x0c’, '99\n\x0c’, '99\n\x0c', '99\n\x0c’, ‘99\n\xOc’,
display_frames_with_roi(video_path, roi) '99\n\x0c’, ‘cy)\n\x0c', 'cy)\n\x0c', ‘cy)\n\xOc’, ‘cy)\n\x0c', 'ay)\n\xOc',
File "see_video.py", line 20, in display_frames_with_roi ‘ay)\n\x0c’, '96\n\x0c’, '96\n\x0c’, 'aT)\n\x0c", ‘iol)\n\x0c’, '96\n\x0c’,
cv2.imshow('Frame with ROI', frame) '96\n\x0c’, 'aT)\n\x0c', '96\n\x0c", 'cols)\n\x0c', 'aT)\n\x0c",

cv2.error: OpenCV(4.8.0) '96\n\x0c', '96\n\x0c’, '96\n\x0c', '96\n\x0c’, '96\n\x0c', '96\n\x0c",
[ioJopencv/modules/highgui/src/window.cpp:1272: error: '96\n\x0c’, '96\n\x0c’, '96\n\x0c', '96\n\x0c’, '96\n\x0c"’, 'aT)\n\x0c',
(-2:Unspecified error) The function is not implemented. Rebuild the ‘a):\n\x0c’, 'a):\n\x0c’, 'a):\n\x0c’, 'a):\n\x0c’, '99\n\x0c", '99\n\xOc",
library with Windows, GTK+ 2.x or Cocoa support. If you are on '99\n\x0c’, '99\n\x0c’, '99\n\x0c’, '99\n\x0c"’, '99\n\x0c", '99\n\x0c",
Ubuntu or Debian, install libgtk2.0-dev and pkg-config, then re-run '99\n\x0c’, '99\n\x0c’, '99\n\x0c’, '99\n\x0c’, '99\n\x0c", '99\n\x0c',
cmake or configure script in function 'cvShowlmage' '99\n\x0c’, '99\n\x0c", '99\n\x0c’, '99\n\x0c’, '99\n\x0c", '99\n\x0c"',

Figure 5: Errors encountered during the environment setup (left), and the character recognition
during the value changes (right).

We needed to prepare our Python environment to run the generated code. However, the
environment setup was full of errors. Figure 5 (left) shows an example issue we encountered
during the environment setup. ChatGPT was informed of the error types and helped us over-
come many external tool, path, and dependency issues. In fact, the environment setup took
us much longer than the actual analysis. Once the environmental issues were resolved, we
tested the script and only then realized that there were frames that showed irrelevant char-
acters. These characters are meaningless and generated through OCR while the temperature
value changes. We used the following prompts to clear out the outputs, which resolved the
request.

okay lets go back to this,

i want to get the numbers and corresponding
time codes to csv file please

can we make it write only the numerical values?
i get a lot of non-numerical characters?

For this specific request, ChatGPT helped us fill the knowledge and terminology gap, find
the correct libraries and packages, set up our environment that required multiple Python li-
braries and external tools such as Chromedriver and FFmpeg, develop the OCR script, refine
the script to filter non-numerical characters, comment on our code, and list the steps to scale
up and reproduce the results. Besides the environment setup, the total deliverable preparation
time was around 10 minutes. The computing environment setup took us a couple of hours. In
the end, we could deliver a clear script, an example output in CSV format, and a list of steps
to reproduce the extraction.

This request is one of the more technically complex questions we have received through our
program. Without generative Al, a consultant would start with the information given by the
patron — particularly using OpenCV and tesseract libraries for OCR. The consultant would likely
search for and review multiple tutorials, looking for examples that match the initial request. An
initial script would be generated using code snippets from the tutorials. As the code comes
together, the consultant will have to troubleshoot errors and search for additional packages
needed.
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extract_numbers_from_video(video_path, roi):

cap = cv2.Vide apture(video_path)
numbers_with_timestamps = []
fps = cap.get(cv2.CAP_PROP_FPS)
e cap.isOpened():
ret, frame = cap.read()
ret:

frame_number = cap.get(cv2.CAP_PROP_POS_FRAMES)
timestamp = frame_number / fps
number = extract_number_from_frame(frame, roi)
f is_numerical(number):
numbers_with_timestamps.append((timestamp, number))
cap.release()
r n numbers_with_timestamps

with ChatGPT

425
output

Timestamp Number
0.033297074794184600 99
0.06659414958836930 99
0.09989122438255390 99
0.1331882991767390 99
0.1664853739709230 99
0.19978244876510800 99
0.23307952355929200 99
0.266376598353477 97
0.2996736731476620 97
0.3329707479418460 97
0.3662678227360310 97
0.39956489753021500 97
0.43286197232440000 97

Figure 6: Final Python function used in the extraction script (left), and the example CSV output

(right).

3.2.3 Data Analysis

I have data collected from field experiments.

I’'m looking at the effects of different water stress levels on the yield
and nutrient uptake. I’d like to find out if there are any differences

between hybrids in yield and nutrient uptake.

We prompted our patron’s request without modifying it to gain insights into the overall
framework. Summary of the ChatGPT’s response is as follows (https://chatgpt.com/share/

6522449e-3ce6-4e0f-87d9-cd92¢82b2ecl, ChatGPT Version 40):

1. Data Preparation
2. Exploratory Data Analysis

4. Statistical Analysis
(a) Analysis of Variance (ANOVA)
(b) Post-hoc Tests
(c) Regression Analysis

5. Interaction Effects

6. Data Visualization

7. Interpretation and Reporting

8. Example Python script that uses synthetic data

To analyze the effects of different water stress levels on yield and nutrient uptake and to
determine if there are differences between hybrids, you can follow these steps:

3. Hypothesis Testing: Formulate hypotheses for the differences in yield and nutrient
uptake between hybrids under different water stress levels.

The actual response is slightly more detailed than the list shown above. The extra informa-
tion includes descriptions for each step and expands sections like ANOVA into One-way ANOVA
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and Two-way ANOVA, or Regression Analysis into Linear and Multiple regressions. It also has
visualization options, among other information. This request might seem too simple, and the
steps towards the solution may be apparent. However, the consultants might have some ideas
on approaching the problem; they might be uninitiated in the field and the collected data. This
problem translates to a loss of valuable time because consultants will have to do extensive prepa-
ration, which in most cases is not feasible. Talking to ChatGPT, in this case, can help with ideas
that one might not think about for the analysis, assist with the terminology, and find relevant
resources. It can also provide an example analysis with synthetic data, speeding up the overall
consultation process since the only change will be using the patron data and interpreting the
respective results. Here, we would like to warn our readers. Even though the chatbot will answer
the original prompt, questions such as statistical analysis are a cautionary tale. Problems like
data cleaning or coding generally have tangible and gaugeable outcomes. However, statistical
analysis is different by nature. It involves complexities that are often not as straightforward,
with outcomes that may be more interpretative, context-dependent, and influenced by the as-
sumptions or models used. While tasks like coding and data cleaning provide concrete results,
statistical analysis demands a deeper understanding of the data context, potential correlations,
and the limitations of the chosen methods, making it a more nuanced and interpretative process.
Generative Al tools should only be regarded as a reference or suggestion.

4 Lessons Learned and Best Practices

The following insights have been curated from our experiences in academic data science consul-
tations and short-term projects. It is important to note that these lessons and best practices are
specifically tailored to the data science lifecycle and are relevant to the time of publication. As
ChatGPT and other generative Al tools continue to evolve rapidly, our practices must adapt
accordingly.

Version Variability One of the key takeaways from our study is the variability in responses
generated by different versions of ChatGPT. For instance, responses from versions 3 and 4 may
differ significantly. This variability, rather than being a limitation, can be leveraged to gain
broader insights. Utilizing multiple versions can provide a more comprehensive view of potential
solutions and ideas, enhancing the overall consultation process.

Prompt Engineering Crafting effective prompts is critical to obtaining relevant and accu-
rate responses from ChatGPT. We have found that clear and descriptive prompts, which include
specific constraints such as environmental factors, formatting requirements, and desired meth-
ods, lead to more effective problem resolution. For example, when extracting temperature data
using Optical Character Recognition (OCR) technology, specifying these constraints upfront
proved essential for success.

Iterative Refinement Achieving the desired outcomes often requires patience and itera-
tive refinement of prompts. It is rarely the case that a single prompt will yield a perfect response.
Through multiple iterations and careful adjustments, the quality of the responses can be signif-
icantly improved, making this approach a cornerstone of effective Al-driven consultations.

Politeness and Clarity An interesting observation during our interactions with ChatGPT
is that politeness and clarity in prompts can influence the quality of responses. Although AI
does not have emotions, clear and polite language seems to facilitate better processing and
interpretation of the query, leading to more coherent and relevant outputs. We should note that
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this finding was first anecdotal, then further investigation revealed that independent researchers
reached similar conclusions, Yin et al. (2024), Nawar (2024).

To maximize the benefits of ChatGPT in academic consultations, we have developed several
best practices:

e Descriptive Initial Prompts: Begin with clear and concise prompts that include relevant
constraints, such as desired coding languages, methods, and output formats. This approach
ensures that the AI’s responses are closely aligned with the client’s needs.

e Maintaining Focus: It is crucial to maintain a focus on the core objective of the consul-
tation. If a conversation diverges too far from the original goal, starting a new session can
help realign the discussion and avoid unnecessary confusion.

e Handling Data Inputs: When providing data inputs, avoid using confusing separators
and clearly explain any unnecessary information, such as columns or variables that are not
needed. This enhances the clarity of the AI’s outputs and reduces the risk of errors.

e Continuous Learning and Adaptation: The integration of ChatGPT into our services has
underscored the importance of continuous learning and adaptation. Expanding our knowledge
of relevant tools and topics enables us to better guide the Al’s responses and refine its outputs
to suit the specific needs of our consultations.

By adhering to these best practices, we can ensure that ChatGPT remains a valuable tool
in our academic consultations, helping us to achieve more accurate, relevant, and insightful
outcomes.

5 Conclusion

The advent of ChatGPT and other generative Al tools has marked a significant transformation in
the realm of data science consulting. These technologies have not only enhanced the efficiency and
accuracy of consultations but also expanded the scope and depth of services that can be offered.
By providing instant access to a vast repository of knowledge and methodologies, ChatGPT
allows consultants to quickly generate insights, create reproducible code, and suggest data-
driven solutions tailored to the specific needs of each consultation. This capability significantly
reduces the time spent on problem-solving and preparation, enabling consultants to focus more
on higher-order tasks such as interpretation, strategic decision-making, and client interaction.
AT utilization not only accelerates the problem-solving process but also enhances the quality of
the solutions provided, making them more robust and aligned with client expectations.

Looking to the future, the integration of generative Al in data science consulting is poised
to evolve further. As AI models become more sophisticated, we can anticipate even greater
automation of routine tasks, more accurate predictions, and the ability to handle increasingly
complex queries. Additionally, with advancements in Al transparency and interpretability, con-
sultants will be able to provide clients with more detailed explanations and justifications for
Al-generated outputs, thereby increasing trust and confidence in Al-assisted solutions.

However, this transformation also brings challenges, such as the need for continuous up-
skilling in Al literacy and the ethical considerations surrounding Al use in sensitive data contexts.
Addressing these challenges will be crucial for ensuring that the benefits of generative Al are
fully realized in a responsible and sustainable manner.

In conclusion, ChatGPT and similar generative Al tools are revolutionizing data science
consultation by drastically improving productivity, enabling more comprehensive analyses, and
enhancing the overall quality of service. As we continue to explore the potential of these tech-
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nologies, they will undoubtedly play an increasingly pivotal role in shaping the future of data
science and its applications across various disciplines.
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