Exploring Missing Data Imputation with ChatGPT
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1 Introduction

The purpose of this project was to investigate the understanding of AI ChatGPT to both
apply and explain imputing missing data, primarily in a healthcare setting. Data was utilized
from the National Health and Nutrition Examination Survey (NHANES) with the NHANES
library in R (1999 - 2004). This dataset contains a large amount of physical, medical,
demographic, and lifestyle variables. Four imputation methods were compared; Mean
Imputation, K-Nearest Neighbor (KNN), Probabilistic Principal Component Analysis (PPCA),
and MICE.

Previously, I worked as a GA in the GVSU Statistical Consulting Center from 2023-2024
on a wide variety of projects. For the entire school year, I had the opportunity to work on a
research study with Dr. Nicholas Lerma whose main question to answer was “can children ‘earn’
their screen time?” This research was never published, partially because there were many issues
drawing inferences from the analyses attempted, which has bothered me for a while. I am using
this past knowledge of the data to further attempt an analysis to answer the question while also
using ChatGPT to assist.

Another reason for choosing this goal of analysis is to avoid the variables and models we
previously did in class, but I felt it was interesting enough to note that the NHANES survey does
record adolescent alcohol use, smoking, sexual behavior, and reproductive health, even though it
is not in the dataset. This is because of confidentiality concerns, and those files containing the
full information can be requested from the NCHS Research Data Center. This made me question
how we can still assume any sort of missingness in the data, if it really isn’t missing at the end of



the day, but it would be fun to check the imputed values for these variables with the actual, true
observations. Perhaps it can be done at another time!

2 Data

After data was read into R and cleaned, a subset was created only for those respondents
aged 12-19. Originally, the dataset was going to include those ages 2-19, but several of the
variables of interest only collected data for respondents aged 12 years and older. This resulted in
1,127 observations.

BMI was to be modeled as both a numerical and categorical response using linear
regression (BMI) and ordinal logistic regression (BMICatUnder20yrs). Due to time constraints,
only eight variables were considered for modeling, which were chosen based on previous
knowledge of the relationships between predictors and response variables.

Variable Type Description

BMI Numeric Body mass index (weight/height2 in kg/m2).
Reported for participants aged 2 years or older

BMICatUnder20yrs | Ordered factor | Body mass index category. Reported for participants
aged 2 to 19 years. One of UnderWeight (BMI < 5th
percentile) NormWeight (BMI 5th to < 85th
percentile), OverWeight (BMI 85th to < 95th
percentile), Obese (BMI >= 95th percentile)

Age Numeric Age in years at screening of study participant
Gender Categorical | Gender (sex) of study participant coded as male or
female
Racel Categorical | Reported race of study participant: Mexican,

Hispanic, White, Black, or Other

TVHrsDay Ordered factor | Number of hours per day on average participant
watched TV over the past 30 days. Reported for
participants 2 years or older. One of 0_to 1lhr, 1 _hr,
2 hr,3 hr,4 hr, More 4 hr. Not available
2009-2010

CompHrsDay Ordered Factor | Number of hours per day on average participant used
a computer or gaming device over the past 30 days.
Reported for participants 2 years or older. One of

0 hrs,0 to 1hr,1 hr,2 hr,3 hr,4 hr, More 4 hr.
Not available 2009-2010.

PhysActive Categorical Participant does moderate or vigorous-intensity




sports, fitness or recreational activities (Yes or No).
Reported for participants 12 years or older.

PhysActiveDays Numeric Number of days in a typical week that participant
does moderate or vigorous-intensity activity.
Reported for participants 12 years or older

Poverty Numeric A ratio of family income to poverty guidelines.
Smaller numbers indicate more poverty

2.1 Exploratory Analysis

A preliminary investigation of missingness was done using the VIM package in R. This
was done to provide evidence as to the plausibility of the MAR assumption before doing formal
testing and was not something that ChatGPT had suggested; in fact, it did not suggest I check
what type of missingness the data was before starting imputation at all. It even suggested that |
delete all rows of missing data even though it knew I was going to be comparing imputation
methods.

® Step 2: Remove Rows with Missing BMI Info

r 5 Copy ¥ Edit

NHANES_youth <- subset(

NHANES_youth,

lis.na(BMXBMI) & !is.na(BMICatUnder28yrs}
)

In the figure below, there are a large amount of missing observations for many of the
variables of interest.
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Further, a function was built in R to compare (test) missing with non-missing data using
Chi-Square for categorical variables and t-test for numeric variables. If those with and without
missing data differ on many observed variables, there is a possibility that they also differ on
unobserved variables.

After p-values were obtained, a heat map was then generated for further visualization and
quick identification of variables likely to be missing at random (MAR) since they correlate with
other observed data. It’s worth noting that insignificant results do not provide proof of data being
MCAR or MAR.

In the following figure, rows represent variables that have missing values and columns
represent variables they were tested against. The color represents the strength of the association
with red meaning a very strong (significant) relationship (low p-value); the darker the red, the

stronger the relationship.
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A formal testing to see if the data was MCAR was then performed with the assistance of
ChatGPT, which suggested doing Hawkin’s Test of Normality as well as a nonparametric test.
Through verification through various papers I looked at on my own, Hawkin’s Test is equivalent
to Little’s MCAR, and the nonparametric test is legitimate as well. The results can be viewed

below.
Test of normality and Homoscedasticity:

Hawkins Test:

P-value for the Hawkins test of normality and homoscedasticity:
3.166248e-13

Either the test of multivariate normality or homoscedasticity
{or both) is rejected.

Provided that normality can be assumed, the hypothesis of MCAR
is

rejected at 8.85 significance level.

Non-Parametric Test:

P-value for the non-parametric test of homoscedasticity:
B.8186782

Reject Normality at 8.85 significance level.
There is not sufficient evidence to reject MCAR at 8.85
significance level.

Due to BMI not being a normally distributed variable anyways (i.e. it’s normally right
skewed since there are more overweight/obese people in America than there are underweight,



which is also true in this dataset), the non-parametric test seemed more legitimate.
Non-parametric forms of imputation include K-Nearest Neighbors (KNN), Random Forests, and
Kernel methods. For the sake of my own curiosity, as well as to have something to discuss for
the presentation, I went ahead with all four imputation methods mentioned previously to
compare.

3 Imputation Methods
3.1 K-Nearest Neighbor

KNN imputation is a non-parametric method for handling missing data based on the idea
of measuring similarity with some distance metric between observations. It replaces a missing
value with one computed from the & most similar (nearest) observations in the dataset that do not
have missing values for that feature. The similarity between observations using the VIM package
uses Gower Distance, which is used for mixed data types.

Gower Distance is between 0 and 1, inclusive. For numeric variables, it’s computed using
the absolute difference between observations and dividing by the range for that specific feature.
For categorical variables, 0 is assigned if the observations are the same (i.e. comparing Female to
Female as observations 1 and 2), and 1 is assigned if the observations are as far apart as possible
relative to the data (i.e. Female compared to Male). In general, Gower Distance that is closer to 0
means the observations are more similar (nearer); Gower Distance closer to 1 means the
observations are as different (far) as possible.

Some better properties of KNN imputation is that it has no assumptions about the
underlying data and uses the local structure, and it can naturally adapt to nonlinear relationships.
Several drawbacks include the choice of & (number of neighbors) and distance metric making a
difference in your outcomes, may perform poorly if there are too many missing observations,
doesn’t model uncertainty, and is sensitive to scaling.

3.2 Probabilistic Principal Component Analysis

PCA in general is commonly used for dimension reduction. Its goal is to reduce
dimensionality of a multivariate dataset while still accounting for as much variation in the
original data as possible. A new set of variables, principal components, are formed, which are
linear combinations of the original variables in the dataset. These are uncorrelated variables in
order such that the first principal component accounts for as much variation in the data as
possible, the second accounts for as much of the leftover variation as possible, etc.

When I asked ChatGPT to explain how PCA is used for missing data imputation, it
neglected to mention anything about preserving variation. It also neglected to mention what
specific form of PCA imputation it suggested for me to try (there are several), and it failed to
mention that PCA is for numerical data only. I am partially to blame for this, since I know what
PCA is, but it didn’t occur to me until coding the data analysis and receiving several errors due to
the factors included in my model. ChatGPT and several other sources stated that factors can be



converted to numerical variables for the purpose of PCA, but there is something about this that
doesn’t seem ethical to me, and I’'m not sure how it would be interpreted if the factors were not
in order.

Moving on, the form of PCA imputation that was suggested turned out to be PPCA (refer
to the title of the section for the full name, I am so tired of typing it), which is sometimes referred
to as EM-PCA. It assumes the data can be generated by projecting latent variables into a
high-dimensional space, which are estimated using MLE and EM-Algorithm. It assumes that
data is either MCAR or Mar.

A few benefits of using PPCA is that it handles multivariate correlation well, improves
accuracy over simple imputations, and is useful when data lies in a low-dimensional space. Some
drawbacks include it not handling nonlinear structures unless extended (ex. Kernel methods), not
suitable if data is NMAR, is sensitive to the number of principal components, and is less
effective if there is lots of missingness.

4 Results

4.1 BMI - Continuous

After completing all four types of imputation and fitting models for each, the MICE
method showed to be the best out of all four methods when comparing Adjusted R-Squared and
RMSE for each (ChatGPT offered code for that), though they did not differ by a dramatic
amount. To me, this is surprising considering KNN is the only nonparametric method involved.

Method Adj_R2 RMSE
Mean 0.07600384 5.735644
KNM 0.084714312 5.848150
PCA 0.08563711 5.737052
MICE 0.09435668 5.702046

When comparing the output for each model, age and poverty were consistently
significant amongst all imputation methods. At times, RacelOther was significant at a 0.05 level,
as well as various types of CompHrsDay. Full output for each is shown below.
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PPCA
Estimate Std. Error t wvalue Pr(>|t|)

{Intercept) 12.554971 2.82158 5.213 7.332-18 ***
Age 8.58687 8.88117 6.244 B.032-18 **#
Gender -8.28461 8.34808 -D0.526 8.5577
Racel -8.142432 8.12681 -1.123 8.2616
TVHrsDay 8.217a6% 8.21535 1.811 8.3123
CompHrsDay 8.80071 8.19813 4.308 1.242-85 ***
PhysActive 8.24355 8.44457 8.548 8.5248
PhysActiveDays ©.12833 8.12142 1.857 8.29838
Poverty -8.32681 8.11568 -2.848 B.8845 **
Mean

Estimate Std. Error t value Pr(:|t])
{Intercept) 17.386652 1.65358 18.885% < 2e-1/ ***
Age 8.55184 8.88a54 6.852 1.21e-11 ***
Gendermale -8.2886% 8.35368 -8.794 @.42748
RacelHispanic -8.97274 8.82221 -1.183 @a.23783
RacelMexican -8.6200% B8.666%93 -B.958 8.33814
RacelOther -2.24434 @.75876 -2.958 @.e831p **
RacelWhite -1.17774 8.55647 -2.116 @.83453 *
TVHrsDay.L -1.42872 1.32582 -1.878 @8.23144
TVHrsDay.Q 1.81762 1.28629 8.844 @.39%a7
TVHrsDay.C -1.83766 8.98885 -1.849 6.29424
TVHrsDay "4 8.4667% B.77527 8.682 @.54723
TVHrsDay "5 -8.83247 8.52687 -1.538 6.11438
CompHrsDay.L 2.61433 1.87528 2.43@ @.el1526 *
CompHrsDay .Q 2.19882 B.88856 2.475 8.81349 *
CompHrsDay.C 2.582306 1.11782 2.312 @.e2897 *
CompHrsDay ™4 1.627682 1.12566 1.446 @.14847
CompHrsDay"5 8.9920% 8.87381 1.136 @.25684
PhysActiveYes 8.24816 8.44928 8.535 @.593e1
PhysActiveDays -8.87351 8.12184 -8.687 @8.54376
Poverty -8.32872 8.11653 -2.821 @.e8487 **

4.2 BMICatUnder20yrs - Categorical

After completing all four types of imputation and fitting models for each, the KNN
method showed to be the best out of all four methods when comparing McFadden’s R-Squared
and RMSE for each (ChatGPT again offered code for that). This makes sense considering we are
assuming nonparametric models are more suitable for this analysis.

Method AlC McFadden_R2
mean 2013.385 0.03489192
knn 1999 527 004168288
pca 2006.300 002758257
mice 2381.059 0.03648793



When comparing the output for each model, age, gender, poverty, and CompHrsDay were
consistently significant amongst all imputation methods. Full output for each is shown below,
and a discussion for interpretation follows.

MICE

Value Std. Error t value p value
Age -8.181487744 8.82862149 -3,54585853 3.913362e-84
Gendermale 8.228374885 @.12233378 1.86681715 6.192713e-82
RacelHispanic 6.428844479 @.27351254 06.67328541 9.415798=-81
RacelMexican B.146778755 8.22518788 0.65188576 5.1452652-81
RacelOther B8.4855962135 a8.25658349 6.21317388 5.272943e2-81
Racellhite B8.862755749 8.19364485 6.32467652 7.458861=-81
TVHrsDay.L B.388225868 8.37853420 06.81361638 4.1588452-81
TVHrsDay.Q B.4673514668 6.25914358 1.828537544 7.181595=-02
TVHrsDay.C -8.318473645 @.33336784 -0.05532623 3.394158e-61
TVHrsDay~4 B.166876287 8.35428748 0.46886725 6.3018452-01
TVHrsDay~5 -8.8254686168 @.31848894 -8.879776%6 9.364194e2-61
CompHrsDay.L -8.4419844968 @.45658338 -8.06882596 3.338314e-61
CompHrsDay.Q -8.8681893787 8.170838242 -8.81657458 9.91562%=-61
CompHrsDay.C 8.664442121 @.46986458 1.41411418 1.573284e-81
CompHrsDay "4 -8.8%99827493 @.37286985 -8.265581%93 7.985612e-81
CompHrsDay "5 B8.685378815 8.51246384 1.1812947@ 2.374857e-81
PhysActiveYes -8.127248582 @.15263853 -8.33368669 4.845627e-81
PhysActiveDays B8.819338126 8.83361919 6.59868332 5.551343=-81
Poverty -8.2097572429 @.e4886574 -7.20241668 3.8444408e-13
UnderWeight |Normieight -5.339732286 ©.57651928 -9.26281971 2.8668122-28
NormWeight |OverWeight -1.626829757 ©8.54874966 -2.96466858 3.8381712-83
Overkleight |Obese -8.8118676584 @.54762397 -1.48106688 1.3853888e-061
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Mean

Value Std. Error t value p value
Age -8.8711a5696 ©.83868757 -2.32314164 2.817158=-82
Gendermale 8.632000795 9.13542535 4.67416824 2.951538e-86
RacelHispanic -8.42539684%9 0.38785642 -1.38548002 1.65936822-81
RacelMexican -8.6844898130 0.24173188 -6.18578215 8.526783e-01
RacelCther -8.694038517 ©.28089770 -0.33578614 7.3700252-81
Racellhite B8.882177297 6.2815119%: 06.816288488 0.0137922-81
TVHrsDay. L -1.132086548 ©.59758748 -1.89420427 L. B185062-82
TVHrsDay.Q 8.7084458057 8.41917829 1.88571862 5.032306e2-82
TVHrsDay.C -8.345685527 8.51245818 -8.67456330 4,000532e-081
TVHrsDay"4 -B.5238860983 ©8.46825475 -1.24586351 2.131884e-081
TVHrsDay "5 8.348532386 ©.45783852 0.69905632 4.845168=-81
CompHrsDay . L -8.221924395% 9.75513458 -0.29388721 7.688441=-81
CompHrsDay .Q 8.201235346 ©.32049020 0.98372779 3.634938=-81
CompHrsDay.C 8.9770981588 @.767793387 1.27375539 2.827581e-81
CompHrsDay ™4 0.818573828 0.66126334 0.081599178 0.872468%92-81
CompHrsDay"5 1.672993582 0.87069093 1.23234726 2.172194=-81
PhysActiveYes -8.328517453 9.16967547 -1.38988203 L5 .B801442-82
PhysActiveDays 8.6060871194 6.84474830 2.14691968 3.1790682-82
Poverty -8.152321773 6.684419668 -3.44645318 5.6790702-84
UnderWeight |NormWeight -5.582088236 8.65449655 -3.487836%94 4.176412e-17
NormWeight |OverWeight -©.826231282 8.62881196 -1.32122326 1.86426%92-01
OverWleight |Obese 8.383634593 ©.6287323% 98.48015542 §£.247317e-81

Focusing on the KNN imputation model for ordinal logistic regression, physical activity
appears to “justify” screen time based on BMI, but at the same time, it doesn’t. The results are
fairly conflicting. As an example, the significant coefficient for PhysActiveYes is -0.432,
meaning physically active kids have lower odds of being in a higher BMI category than
non-active kids. However, the significant coefficient for PhysActiveDays is 0.0926, meaning for
each extra day someone aged 12-19 is active, the higher the odds of being in a higher BMI
category.

One thing that ChatGPT was very helpful with was interpreting output I had never seen
before. The TVHrsDay and CompHrsDay variables have output including L, Q, C, 4, and 5,
which are not included in the data. These apparently stand for linear, quadratic, cubic, etc. In the
KNN imputation model, the linear relationship between TV Hours and BMI was statistically
significant. Specifically, or every one-step decrease in the underlying TVHrsDay order, the log
odds of being in a higher BMI category decrease by 1.717 on the logit scale.

However, again, the quadratic trend in the relationship was also statistically significant,
and the coefficient is positive (0.7414), meaning the trend is a U shape; youth who watch very
little or a ton of TV tend to have a higher BMI.

When prompting ChatGPT about this, I was urged to investigate the relationship between
BMI category and TV Hours separately. Unfortunately, there are so few observations in the
underweight category that I was not able to do any further analyses on this variable. I had
attempted to collapse the 7 categories for TV Hours into 3, but it was no use.



After I had thought about this for a while, I remembered talking about natural smoothing
splines in Statistical Learning last year, which are linear at boundaries but can be non-linear in
other areas. This isn’t something ChatGPT brought up, and is something that may be worth
investigating in the future.

5 Conclusion

A previously encountered issue, which I ran into again, was incorporating sample weights
and adjusting for clusters and strata from the NHANES data. In other types of analyses, mean
BMI and prevalence of overweight/obesity was calculated by incorporating these, but in these
studies, missing information was excluded from analysis (such as in this paper). I did not attempt
to use them, but they should be accounted for in any type of serious research.

ChatGPT as a research “partner” was useful at times, especially to clarify theory around
MCAR, MAR, and NMAR definitions. However, it doesn’t catch a lot of smaller details that
matter, such as some of the variables of interest not having data for anyone younger than 12
years old. It did help with debugging and generating R code, as well as converting some of my
old SAS code into R, but it also seems to forget things after a while, despite being in the same
chat thread. At the end of the day, it only does what you tell it to do, and the wording of the
prompts you give matter (ex. “Can I do this,” because of course you can, but it doesn’t mean you
should).

ChatGPT helped to bridge theory and practice, even if there were some discrepancies, so
fact checking is still a necessity. I’ve found it to be better at applying rather than understanding
theory, but even the applications can be incorrect if the underlying assumptions of it are
incorrect. I’ve also found that if it gives a response that includes something like “it’s not this, it’s
this,” or if it starts talking like a middle schooler trying to meet the word requirements in an
essay about a book they didn’t read, it’s usually not going to be completely correct and there is a
lot of research I need to do on my own.

All in all, AI can support missing data imputation and analysis when used carefully, but
this is a more complicated topic (especially to me), so it needs to be used with care.


https://pmc.ncbi.nlm.nih.gov/articles/PMC9764609/

Sources

ChatGPT

MCAR Tests: https://pmc.ncbi.nlm.nih.gov/articles/PMC3124223/

PCA: https://www.nature.com/articles/s41598-025-93333-6

PCA: https://math.montana.edu/grad students/writing-projects/2024/Moh2024 .pdf

KNN: https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-016-0318-z

VIM (for knn imputation) R Package info: https://rdrr.io/cran/VIM/man/kNN.html

Gower Distance:
https://jamesmccaffrey.wordpress.com/2020/04/21/example-of-calculating-the-gower-distance/

Missing data in clinical settings: https://pmc.ncbi.nlm.nih.gov/articles/PMC8499698/
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https://www.nature.com/articles/s41598-025-93333-6
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