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ABSTRACT

Generative artificial intelligence using large language models (LLMs) such as ChatGPT is an
emerging trend. However, discussions using LLMs in biostatistics and statistical programming
have been somewhat limited. This paper provides a comprehensive evaluation of major LLMs
(ChatGPT, Bing Al, Google BARD, Anthropic Claude 2) in their utility within biostatistics and
statistical programming (SAS and R).

We tested major LLMs across several challenges: 1) Conceptual Knowledge, 2) Code
Generation, 3) Error Catching/Correcting, 4) Code Explanation, and 5) Programming Language
Translation. Within each challenge, we asked easy, medium and advanced difficulty level
guestions related to 3 topics: Data, Statistical Analysis and Display Generation. After providing
the same prompts to each LLM, responses were captured and evaluated. For some prompts,
LLMs provided incorrect responses, also known as “hallucinations”. While LLMs replacing
biostatisticians and statistical programmers may be overhyped, there are nevertheless use
cases where LLMs are helpful in assisting statistical programmers.

INTRODUCTION

LLMs have garnered tremendous attention for their “knowledge” and “skills” across many areas.
They have the ability to answer both broad and specific questions and seem to be
knowledgeable about any topic. This begs us to ask if LLMs can answer biostatistics and
statistical programming questions.

« Can they teach us about CDISC data standards?
« Can they write SAS and R programs?

« Can they fix our code or make it more efficient?

« Can they explain the code others wrote?

« Can it translate code from SAS to R?

One challenge and criticism the LLMs receive is that they sometimes generate “hallucinations”
or incorrect answers. So, perhaps there’s one more question to add to the list:

« Can we trust the responses that these LLMs generate?



To begin answering these questions, we need to perform a comprehensive, systematic
evaluation of these LLMs to unpack their abilities while understanding their shortcomings before
they can be widely deployed. With this understanding, users can take advantage of their power
while being cognizant of their limitations.

Since these LLMs are framed as “chats”, we can extend that analogy and think about who we
are chatting with. If we were chatting with someone, we would want to know their experience
and background so that we can put their responses into perspective.

. Are we chatting with someone who is an industry and subject matter expert? Or are
we chatting with someone who knows some things but still lacks full knowledge?

« Is this a statistician/statistical programmer assistant or a statistician/statistical
programmer replacement?

Finally, as we look into our crystal ball ...

. Is this a novelty fad that will fade over time? Or will it have lasting impact on our
industry?

« How will we integrate this into our workflow process?

METHODS

We devised a comprehensive and systematic approach to evaluating some of the most popular
LLMs. In our evaluation, we considered the following LLMs in their utility in supporting
biostatistics and statistical programming (SAS and R) work:

1) Open Al ChatGPT 3.5 (free version)
2) Open Al ChatGPT 4.0 (paid version)
3) Google BARD

4) Microsoft Bing

5) Anthropic Claude 2

We tested each of the LLMs across 5 challenges:

1) Conceptual Knowledge

2) Code Generation (SAS and R)

3) Error Correcting (SAS and R)

4) Code Explanation (SAS and R)

5) Programming Language Translation (SAS to R and R to SAS)

Within each challenge, we asked questions pertaining to 3 topics:
1) Data

2) Statistical Analysis
3) Display Generation



Finally, within each topic, we asked several questions at 3 difficulty levels:

1) Easy
2) Medium
3) Advanced

Across all of the LLMs, the evaluation process collected ~1,000 prompts and responses. These
responses were captured and stored as markdown files to preserve the formatting. Additionally,
the responses were also simultaneously stored in an Excel spreadsheet. Each response was
then evaluated as to how well the response addressed the question.

Below are a few example prompts. Note that these are shortened and simplified prompts to
provide a sense for the types of prompts that were used.

Conceptual knowledge
Statistical Analysis Easy What statistical methods are used to analyze count data?
Display Generation Medium What figure should | use to summarize the time to first death data?

Code Generation

Data Easy Generate SAS code to derive the quartiles of AGE and name the new variable AGEQUART and add
it back to the ADSL dataset.
Statistical Analysis Advanced Generate SAS code to perform Mixed Model Repeated Measure analysis for Questionnaire Patient-

Reported dataset ADQS to evaluate treatment effects by visit.

Error Fixing

Display Generation Easy The following SAS code was supposed to generate a scatter plot of two continuous variables
grouped by treatment with a regression line; however, there was an error in the code. Please fix the
code.

Data Advanced The following SAS code was trying to derive the time to first discontinuation from the study and store
the derived standard variables in dataset ADTTE; however, there was an error in the code. Please fix
the code.

Code Explanation

Statistical Analysis Medium* Please explain the following SAS code and please include a high-level summary of what the SAS
code is trying to do.

Display Generation Advanced* Please explain the following SAS code and please include a high-level summary of what the SAS

code is trying to do.

Language Translation
Display Generation Easy* Please translate the following SAS code to R code.
Data Medium* Please translate the following R code to SAS code.

* Difficulty level is determined by the actual code that is submitted as part of the prompt

To test each prompt, we entered the various prompts into the LLMs all of which more or less
look similar. They all have appearance of a chatbot. Below are screenshots of Open Al
ChatGPT 3.5. Prompts are entered in an open text box, and the LLMs provide various
responses based on those prompts. If code is generated by the LLM, the code is demarcated in
a separate box as show below in Figure 1.
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Figure 1: Screenshots of OpenAl ChatGPT 3.5

RESULTS

After reviewing ~1,000 prompts and response, there were several patterns that were identified
through the evaluation process:

1) Easy/Medium Questions: All LLMs answered easy/medium questions correctly
2) Difficult/Unusual Questions: All LLMs failed in answering difficult/unusual questions
3) Differences across LLMs: Some LLMs perform better than others

Below are prompts and responses for each of the above observed patterns.

1) Easy/Medium Questions: All LLMs answered easy/medium questions correctly

All (or most) LLMs performed well when prompted with easy/medium questions. Below are a
few examples and how the LLMs generally performed.
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All LLM models provided the common methods that were used to analyze count data in clinical trials including
Poisson regression, negative binomial regression, zero-inflated models etc.

All LLMs successfully fixed the syntax error.

All LLM models correctly created the R code

2) Difficult/Unusual Questions: All LLMs failed in answering difficult/unusual questions

All (or most) LLMs failed when presented with difficult or unusual questions. Below are a few
examples and how the LLMs generally performed.

When multiple binary outcomes that have nesting nature
and are representing two directions of change, for
example, proportion of > 5%, > 10%, >20% improvement
and proportion of >5%, >109%, >20% worsening from
baseline, what would be a good way to visualize those
outcomes in one plot?

Conceptual
Knowledge

Display
Generation

ook G the CDISC sets ADTT te SAS
e siven the CDISC sets ADTTE, write SAS ¢
G for Kaplan-Meier Curve with leg o
ity rd ratio and median and s! em on the graph
- Display and axistable to show patients at risk
eneration
Conceptual

When patients can stay in the study after receiving rescue
medication, what should be done in the analysis dataset
in order to evaluate the treatment effect including visits
after recelving the rescue medication?

Knowledge

Statistical
Analysis
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None of the LLMs suggest the divergent nested stack bar plot.

None of the LLMs were able to successfully create a working GTL template to meet the requested requirements.

Instead of suggesting censoring the collected data (set to missing) after taking rescue medication, the LLMs
suggested removing patients entirely from the analysis if the patient received rescue medication.

3) Differences across LLMs: Some LLMs perform better than others

There are however performance differences across the different LLMs. For some questions,
different LLMs made different mistakes. While for others, they ranged from bad to good to great
answers. The examples below will highlight some of these differences.



A)

B)

Hallucinations are a general problem. We have already seen poor performance earlier
where all of the LLMs failed. There are different levels of failure and different ways of
failing across the different LLMs. Below is an example where ChatGPT 3.5 made up a
SAS option and another where ChatGPT 4.0 stated that the SAS procedure does
something that the SAS procedure actually does not do.

& opena1 @ openar
Open Al Open A
ChatGPT 3.5 ChalGPT 4.0

d ratio of
om Time-to-Event
Statistical jataset ADTTE, and also the logrank p-value

here's no hazardratio statement in PROC LIFETEST Log-rank test is not automatically perfermed

ChatGPT 4.0 outperforms ChatGPT 3.5. As expected, the higher paid tier of ChatGPT
performs better than the free tier. Below are a few examples, and as one of the
examples show ChatGPT 3.5 states that an obsolete R package should be used
whereas ChatGPT 4.0 uses a different R package that is available for use.
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vere asked 10 translate specific SAS code (of
g the quartile of Age) to R cade:

pe

summ:

=0.25, na.rm = TRUE),
=0.50, na.rm = TRUE),

p2
P! obs=0.75, na.rm = TRUE)
Data P7: )
)
Additlon of na.rm-TRUE allows for missing age
Conceptual e e
Jowledge ChatGPT 3.5 provided some SAS code that did not oSl PEOEEHE SLgR=s s
kit~ alisstice ncluding “S oach with Multiple
Data \ ould be done in the BDS analysis da ClEss thegues Variables" and “Flag Variables’
- implement the above missing data handling?
Code
Generatior ot of change Ir When it comes to generating RTF output, GPT 3.5 cltes GPT 4.0 cites {officer} to generare Word output, which
; ent seline to (ReporteRs), a kage that's unfortunately been could ac 1d manipulate Microsolt Word, RTF and
Display \ 0a g F ut obsolete since 2018. Microsoft PowerPoint documents from R
Generatior

C) Microsoft Bing Chat (now Co-Pilot) includes references that were used as the basis for

the response. Below is an example where the response referenced a paper by one of
the co-authors of this paper. The LLMs are using all of the information available on the
web, and this example illustrates that the knowledge that we create and make available
are also being ingested and used by the LLMs as part of its training data.
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To create a body map figure where data can be mapped onto a body region using SAS, you can use the GMAP
procedure available within SAS/GRAPH 1. The GMAP procedure can be used to create cheropleth maps, which are
2-dimensional maps that represent data values as combinations of pattern and color that fill map areas 1.

To create a choropleth map, you will need a map data set containing the information needed to draw map
boundaries (e.g, countries, states, counties, zip codes, etc.) and a response data set containing the information that
is to be displayed on the map (e.g, population, birth rates, death rates, etc.) 1. The response data set must contain
an ID variable that allows SAS/GRAPH to match response data to the map data set 1

Once you have the map and response data sets, you can use the GMAP procedure to match observations from the
response data set to those in the map data set using one or more ID variables 1. The resulting map will display the
response data onto the map areas as colors based on their value (such as symptom severity) 2.

If you want to map data onto the human body, you ¢an use the SAS GANNO function on a background image of the
human body to overlay symbols on impacted body regions via X, Y coordinates with Unicode symbols indicating
symptoms, size representing proportion of patients and color representing severity 2. Another approach is to
handle the human body as geographic regions. This methad requires a map dataset of the body regions which can
be generated in SAS JMP through the Custom Map Creator add-on. SAS geographical map functions such as
GREMOVE can be used to further customize the map by combining body regions 2

| hope this helps!

Learnmore ~ 1 9§ supportsas.com | 2 pharmasug.org | 3 communities.sas.com

PharmaSUG 2021 - Paper EP-039

Data visualization using GANNO, GMAP and GREMOVE to map data onto the human

body

Rui Huang, Jennifer McGinniss, and Toshio Kimura, Regeneron Pharmaceuticals, Inc.

D) LLMs fixed either none, one or both errors

There were many prompts where the differences between the LLMs can be observed some
of which were already explained above. The Error Fixing example below further highlights
these differences. The Error Fixing example contains 2 errors. ChatGPT 3.5 and Microsoft
Bing did not fix any of the errors. Google Bard fixed one of the errors, and both ChatGPT
4.0 and Anthropic Claude 2 fixed both errors.

The following SAS code was aiming to generate a scatter
t of two continuous var s grouped by treatment
31 ever, it did not work,

with a ssion lir
Please find the error and fix the code.
FhEE bk
Error Fixing proc sgolot data=adsl;
scatter x=BCVABL y=CSTBL /
Display markerattrs=(symbol=CircleFilled size=12)
Generation Broup=region;

title ‘Scatter Piot of Baseline BCVA and Baseline CST';
xaxis label = 'Baseline BCVA (letters);
yax's label = '‘Baseline CST (micron)’;
keylegend / location=inside position=nw across=1;
un;
B e

Microsoft Gocgle ANTHROP\C

AL AL
Gopen b Bing 4. Bard L %7 Claude
Open Al Microsoft Google Open Al Anthropic
ChatGPT 3.5 Bing Bard ChatGPT 4.0 Claude 2

ChatGPT 4.0 and Anthropic
ChatGPT 3.5 and Bing Al failed to Google Bard corrected the corrected both errors (corrected
fix any errors. grouping by treatment. grouping oy treatment and added
the regression line)



E) Anthropic was consistently one of the better LLMs

Anthropic consistently responded with better responses. As the examples below illustrates,
Anthropic Claude 2 either uniquely suggested different options such as suggesting a body
map as a data visualization method or provided responses to specifically address the
situation as opposed to a more generic approach that didn’'t address the specific issue in the

prompt.

CONCLUSION

@ 0penAl @ openat

Open Al
3.5 ChatGPT 40

4, Bard b Bing

Google Microsoft
Bard Bing

None of the other LLMs suggested the Body Map as

one of the cptions.

se of general subgroup

eatment naive versus

ANTHROP\C
+ Claude

Anthropic st

sted using Body Map!

utline diagram of a body and
on different regions to

s anatomical orientation

all possible

alyses in a neutral tone {Jik: statistician with some
experience), Anthropic wa spe in pointing out
what analyses should be performed and why (like @ more
experienced biostatistician).

After a comprehensive and systematic review of ~1,000 prompts and responses, the following
ratings were assigned to the different LLMs for each of the challenges. The challenge level
ratings are a summary of the different topics and difficulty levels. The coding prompts were
easier to rate since there are right and wrong answers. However, we recognize that there is
some level of subjectivity in evaluating conceptual responses. Nevertheless, multiple co-
authors evaluated these independently and came to similar conclusions.
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Overall, Anthropic Claude 2 performed the best among the five LLMs based on our evaluations.
It consistently performed well across the challenges, topics, and levels of difficulty.

Google Microsoft ANTHROP\C
@ 0penAl @ 0penAI 4.Bard b Bing > Claude
Open Al Open Al Google Microsoft Anthropic
ChatGPT 3.5 ChatGPT 4.0 Bard Bing Claude 2
Overall 2 0.8 0% 0%e Jokk kv £ 2.0 8 04 ook oy 22,0, 8.0 ¢

All of the LLMs did surprisingly well in many of these challenges, but at the same time not good
enough. Based on their current performance, they are not good enough to replace a statistician
or a statistical programmer. However, they are good enough to serve as an assistant to
develop the first draft after which the human statistician or statistical programmer will review, fix
and deploy. LLMs can serve as an effective brainstorming partner but not good enough to be a
decision maker (for now).

As the difference between ChatGPT 3.5 and ChatGPT 4.0 illustrates, the LLMs are constantly
improving. Therefore, we should be planning based not on how the LLMs are currently
performing but rather how well they may perform in the future.

There are also ways to minimize risk. One of our observations was that the LLMs performed
well in easy/medium questions. Therefore, we can limit the role of LLMs to these easy
guestions. We can use LLMs to automate routine tasks to increase operational efficiency.

While using LLMs as an assistant is already a great help, the integration of LLMs into an
automated workflow would be even better. LLMs can be integrated into a system that will not
only generate but also execute code. This level of integration and automation may truly change
how the pharmaceutical industry performs statistical analysis.
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