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Abstract

We propose a Retrieval-Augmented Generation (RAG) approach for (mul-
tiple) imputation of missing values in survey data using large language
models (LLMs). We evaluate various retrieval strategies, as well as perfor-
mance across different missingness mechanisms (MCAR, MAR, MNAR).
Using the OpinionQA dataset, we benchmark our approach against statisti-
cal imputation methods and find that using RAG with Llama-8B struggles
with larger contexts and MNAR missingness. Our main contributions are
(1) a thorough simulation study of LLM-based multiple imputation, and (2)
a Python package with an sklearn-like API and easy local and proprietary

LLM integration.

1 Introduction

Recent work has explored using large lan-
guage models (LLMs) for survey data im-
putation, demonstrating effectiveness for
some missing data patterns (Kim & Lee,
2024; Holtdirk et al., 2025; Ji et al., 2024).
However, it remains unclear how well
LLMs can perform multiple imputation,
which involves creating several imputa-
tions to account for the uncertainty associ-
ated with missing data (Rubin, 1976) and is
a well-established method in survey statis-
tics.

We propose imputing missing survey val-
ues by prompting LLMs in a few-shot set-
ting using retrieval augmented generation
(RAG). Our approach selects auxiliary ex-
amples based on text embedding similarity
to the target individual, and uses them as
context for LLM-based imputation (see Fig-
ure 1). We test various selection strategies
and benchmark against statistical imputa-
tion methods across different missingness
mechanisms.

2 Methodology

Survey Data with Demographic Variables and Outcome Variable
Approve | Disapprove | }—

e.g., 60% missing e.g., 30% missing

1. Simulate Missing Not
at Random Pattern | l / / I ! m

2. Assemble Context from Complete Cases I e.g, 100 examples
( LM )
3. Predict Missing Outcomes with
In-Context Learning

!

4. Evaluate Regression Coefficients [ Log. Reg. ] = [ Log. Reg. ]

e.g., Do you approve of
Joe Biden as president?

Figure 1: Imputation pipeline using in-
context learning. We simulate different miss-
ingness patterns (1) and investigate various
approaches retrieval strategies (2). We then
impute the missing cases with in-context
learning (3). Our evaluation is based on down-
stream regression coefficients (4).

RAG Methods We retrieve n € {10,100} few-shot examples from complete cases
to impute each missing case, using cosine similarity between text embeddings. We ex-
plore two row conversion strategies: the [ist strategy, which concatenates each variable
name and value separately, and the str strategy, which combines all variable-value pairs
into a single string. We further evaluate five retrieval strategies: random_selection, ran-
dom _selection_static_context, most_cosine_similar, least_cosine_similar, and cosine_diverse. The two
random strategies select examples at random, with random_selection_static_context using a
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fixed context across imputations. The three cosine strategies use embedding similarities to
select either the most similar, least similar, or a diverse set of complete cases via k-medoids
clustering. We also investigate stratification on the dependent variable for all retrieval
strategies, selecting examples within each class and then shuffling the combined context.
More details on the RAG methods are provided in Appendix A.1.

We conduct two simulation studies using the OpinionQA dataset from ATP Wave 92 (San-
turkar et al., 2023), with demographic variables as independent variables (IVs) and Biden
Approval as the dependent variable (DV). We implement three different missingness mech-
anisms (Rubin, 2018): one missing-completely-at-random (MCAR), one missing-at-random
(MAR), and one missing-not-at-random (MNAR). For the evaluation, we fit a logistic regres-
sion on the imputed data and calculate for the beta coefficient the bias, coverage, and width of
the confidence intervals (Van Buuren, 2018). For study 1, we compare the different retrieval
strategies against each other. For study 2, we compare the RAG model against baseline
methods: Complete Case, Mode Imputation, Random Sample, and MICEForest. More
details on the missingness mechanisms and the study design are provided in Appendix A.2.

3 Preliminary Results

This preliminary analysis focuses on retrivat sty st coma i | o

the beta for POLIDEOLOGY, as it is e e o -

the strongest predictor for the outcome retrieval strategy: random selection —

Biden Approval. The full results are pro- O tovalswategy.comine dverse =

Vlded ln Appendlx B retrieval strategy: random selection static context | | -—1
-0.2 -0.1 0.0

Impact on absolute bias (A SHAP)
Study 1 As shown in Figure 2, strat-

ification has a substantial positive ef- Figure 2: Feature importance for different re-
fect, likely because the Biden Approval  trieval strategies. Measured by SHAP values of

ratio in the full data is close to uni- the absolute bias for the POLIDEOLOGY IV on
form, resulting in a more balanced dis- MNAR data.

tribution of examples. The most cosine
similar retrieval strategy shows the
best performance, while other strate-

gies show comparable results. This Exper- Model Bias  Cov- Width
iment erage
pattern suggests that the outcomes are
predominantly determined by the re- MAR  Full Data ! ! 3
. , o . Complete Case 2 2 6
triever’s ability to find relevant exam- MICE Forest 3 3 4
ples rather than the LLM’s reasoning b}agla-&l-SB-lnstruct g g :
1epe P ode
capablhftles. l;Addltlfonally, less c;)n- Random Sample p : >
text pertorms better for our examples
hi % ioht indi hat th ﬁ 7B’ MCAR Full Data 1 2 3
which might indicate that the sma Complete Case 2 1 5
LLM we tested struggles to effectively MICE Forest 3 3 4
Llama-3.1-8B-Instruct 4 4 6
reason over long contexts. Mode 5 5 1
Random Sample 6 5 2
Study 2 Asshown in Table 3, the poor MNAR Full Data 1 1 3
performance of LLMs on confidence Complete Case 2 2 4
- . . . MICE Forest 3 3 5
interval width, being the worst in all Mode 4 5 1
three scenarios, shows a limitation in Llama-3.1-8B-Instruct 5 4 6
their handling of uncertainty. Further Random Sample 6 5 2

analysis might investigate if this can . ] )
be controlled by tuning the tempera- Flgure 3: Model ranking for different miss-
ture parameter of the LLM. We plan ingness types. Ranking of our RAG approach
to extend this study to larger models with 10Q exa}mples in-context, no stratification,
and better-performing strategies from most_cosine_similar retrieval strategy, and str row
study 1, as well as do another study conversion strategy versus different baseline meth-
with missingness in the independent 0ds for the POLIDEOLOGY 1V split by different
variable. missingness mechanisms.
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A Methodology Details

A1 RAG Method Implementation

For each missing case to be imputed, we retrieve n € {10,100} few-shot examples from the
complete cases as context for the generative language model as follows. First, we compute
text embeddings of all complete cases and of the missing case for which the few-shot
examples are selected. We choose the mixedbread-ai/mxbai-embed-large-v1 (Lee et al.,
2024) embedding model based on the MTEB leaderboard (Muennighoff et al., 2022) for all
text embeddings. We then calculate cosine similarity between the embedding of the missing
case at hand and the embeddings of all complete cases.

We distinguish between two row conversion strategies to map rows in the dataset to strings
for text embeddings: The list strategy concatenates the variable name with the respective
value for each independent variable separately. We later combine cosine similarities for all
independent variables into a single similarity measure using the Reciprocal Rank Fusion


https://www.mixedbread.ai/blog/mxbai-embed-large-v1
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rank aggregation method (Cormack et al., 2009). We hypothesize that this strategy allows
for more uniform similarity estimates across variables. In contrast, the str strategy combines
all of these variable—value pairs into a single string to calculate the embedding.

We investigate the following retrieval strategies for assembling a context from complete
cases: random_selection, random_selection_static_context, most_cosine_similar, least_cosine_similar,
and cosine_diverse. Both random strategies select few-shot examples at random, but the
random _selection_static_context strategy selects these examples only once for the imputation
of all missing cases. This strategy has the potential to drastically reduce inference time and
costs if the LLM inference provider supports automatic prefix caching.

For all three cosine strategies, we obtain text embedding similarities as described above.
The most_cosine_similar strategy then selects the most similar complete cases as context for
the imputation of a missing case, while the least_cosine_similar strategy selects the least
similar cases. The cosine_diverse strategy uses k-medoids clustering (Schubert & Rousseeuw,
2021) to select n complete cases that are the most dissimilar to each other, while also not
overemphasizing outliers.

Finally, we implement stratification on the dependent variable in combination with all
the previously introduced retrieval strategies, that is, we independently apply any of the
retrieval strategies on all rows that share a unique value of the dependent variable, before
combining all retrieved cases into a context for few-shot prediction. We shuffle the combined
context to avoid ordering effects (Liu et al., 2023). We hypothesize that stratification might
help an LLM to more clearly distinguish between the possible values of the dependent
variable, as it is presented with similar cases across all of them.

A.2 Simulation Study Design

We use the OpinionQA dataset from ATP Wave 92 (Santurkar et al., 2023), where demo-
graphic variables serve as independent variables (IVs) and Biden Approval as the dependent
variable (DV). After preprocessing the data through row-wise deletion of rows with missing
values, we obtain 9,511 complete cases. We conduct 10 simulations for study 1 and 100 sim-

ulations for study 2!, where each simulation consists of a random sample of 500 participants
drawn without replacement from the complete dataset. For multiple imputation models,
we generate 5 imputations per simulation to account for the uncertainty associated with
missing data.

Missingness Mechanisms We implement three distinct missingness mechanisms to evalu-
ate our imputation methods. Under Missing Completely at Random (MCAR), 50% of the
DV values are randomly missing regardless of any observed or unobserved variables. For
Missing at Random (MAR), missingness depends on the IV “POLIDEOLOGY”, where we
give increasing missingness rates for more extreme responses: "Moderate” responses have
a 20% missing rate, “Conservative” and “Liberal” responses have 40% missing rates, and
”Very conservative” and ”Very liberal” responses have 60% missing rates. Under Missing
Not at Random (MNAR), missingness depends on the DV “Biden Approval”, where “Dis-
approve” responses have a 60% missing rate and “Approve” responses have a 30% missing
rate. For study 1, we only look at MNAR, as we hypothesize that LLMs are mainly useful
for imputing in MNAR scenarios. The second study uses all three missingness mechanisms.

Baseline Methods We compare our RAG-based approach against several established
baseline methods for handling missing data. The Complete Case method performs row-
wise deletion of missing values, excluding any observations with incomplete data. Mode
Imputation replaces missing values with the most frequent value observed in the non-
missing data. The Random Sample approach samples missing values randomly from
the distribution of observed non-missing values. Finally, we include MICEForest, which
implements Multiple Imputation by Chained Equations using Random Forest models to
generate multiple plausible imputations for each missing value.

1500-1000 simulations are typical in imputation methods research, however, given the number of
parameters we are exploring and the computational cost of LLMs we have reduced this for now.
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101 B Results Full Tables

coef bias coverage width

mean std mean std mean std mean std

variable model
AGE Full Data -0.095 0.127 0.004 0.127 0.930 0.256 0.473 0.022
Complete Case -0.114 0.190 0.023 0.190 0.940 0.239 0.684 0.048
Mode Imputation -0.055 0.131 -0.036 0.131 0.940 0.239 0.482 0.018
Random Sample -0.043 0.077 -0.048 0.077 0.990 0.100 0.540 0.094
MICE Forest -0.111 0.219 0.020 0.219 0.840 0.368 0.585 0.071
Llama-3.1-8B-Instruct -0.079 0.163 -0.013 0.163 0.940 0.239 0.620 0.075
CITIZEN Full Data -0.300 0.163 0.032 0.163 0.918 0.277 0.559 0.114
Complete Case -0.249 0.218 -0.019 0.218 0.928 0.261 0.766 0.159
Mode Imputation -0.165 0.139 -0.103 0.139 0.831 0.377 0.620 0.146
Random Sample -0.106 0.082 -0.162 0.082 0.818 0.388 0.569 0.154
MICE Forest -0.239 0.234 -0.029 0.234 0.901 0.300 0.699 0.180
Llama-3.1-8B-Instruct -0.054 0.195 -0.214 0.195 0.707 0.457 0.708 0.208
EDUCATION Full Data -0.097 0.131 0.018 0.131 0.950 0.219 0.509 0.022
Complete Case -0.108 0.176 0.028 0.176 0.970 0.171 0.736 0.053
Mode Imputation -0.058 0.123 -0.021 0.123 0.950 0.219 0.515 0.018
Random Sample -0.037 0.075 -0.043 0.075 1.000 0.000 0.571 0.108
MICE Forest -0.122 0.199 0.042 0.199 0.890 0.314 0.626 0.073
Llama-3.1-8B-Instruct -0.081 0.131 0.001 0.131 0.980 0.141 0.676 0.092
INCOME Full Data 0.074 0.121 -0.006 0.121 0.970 0.171 0.507 0.025
Complete Case 0.077 0.169 -0.009 0.169 0.980 0.141 0.732 0.055
Mode Imputation 0.037 0.131 0.031 0.131 0.940 0.239 0.511 0.020
Random Sample 0.030 0.079 0.038 0.079 1.000 0.000 0.580 0.105
MICE Forest 0.079 0.215 -0.011 0.215 0.880 0.327 0.636 0.087
Llama-3.1-8B-Instruct 0.093 0.171 -0.025 0.171 0.970 0.171 0.681 0.103
POLIDEOLOGY Full Data -1.833 0.235 0.026 0.235 0.820 0.386 0.703 0.069
Complete Case -1.882 0.351 0.075 0.351 0.930 0.256 1.022 0.162
Mode Imputation -0.988 0.150 -0.818 0.150 0.000 0.000 0.584 0.040
Random Sample -0.644 0.086 -1.162 0.086 0.000 0.000 0.589 0.109
MICE Forest -2.228 0.420 0.421 0.420 0.650 0.479 1.015 0.244
Llama-3.1-8B-Instruct -2.563 0.450 0.757 0.450 0.310 0.465 1.056 0.177
RELIGATTEND Full Data -0.028 0.121 -0.010 0.121 0.940 0.239 0.484 0.021
Complete Case -0.028 0.169 -0.011 0.169 0.960 0.197 0.695 0.051
Mode Imputation -0.021 0.123 -0.018 0.123 0.950 0.219 0.487 0.034
Random Sample -0.007 0.079 -0.032 0.079 1.000 0.000 0.533 0.083
MICE Forest -0.048 0.198 0.009 0.198 0.870 0.338 0.594 0.069

Llama-3.1-8B-Instruct -0.041 0.149 0.003 0.149 0.980 0.141 0.627 0.069

Figure 4: Study 2 - MCAR. Coefficient, bias, and confidence interval coverage and width
for our RAG approach and various baseline methods for the all IVs on MCAR data. This
retriever is configured with 100 examples in-context, no stratification, most cosine similar
retrieval strategy, and str row conversion strategy.
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coef bias coverage width

mean std mean std mean std mean std

variable model
AGE Full Data -0.104 0.130 0.012 0.130 0930  0.256 0.475 0.019
Complete Case -0.105 0.166 0.013 0.166 0930  0.256 0.583 0.031
Mode Imputation -0.042 0.121 -0.049 0.121 0.890  0.314 0.442 0.013
Random Sample -0.032 0.089  -0.059 0.089 0960  0.197 0.491 0.069
MICE Forest -0.102 0.177 0.011 0.177 0.890  0.314 0.545 0.053
Llama-3.1-8B-Instruct ~ -0.093 0.160 0.002 0.160 0930  0.256 0.566 0.041
CITIZEN Full Data -0.322 0.182 0.054 0.182 0910  0.288 0.587  0.147
Complete Case -0.280 0.179 0.012 0.179 0.947 0.226 0.683 0.162
Mode Imputation -0.195 0.153 -0.073 0.153 0.840 0.368 0.601 0.154
Random Sample -0.149 0.091 -0.119 0.091 0.878 0.329 0.551 0.150
MICE Forest -0.271 0.188 0.003 0.188 0.938 0.243 0.656 0.178
Llama-3.1-8B-Instruct -0.170 0.173 -0.098 0.173 0.848 0.360 0.637 0.164
EDUCATION Full Data -0.081 0.135 0.001 0.135 0.960 0.197 0.513 0.022
Complete Case -0.087  0.164 0.007  0.164 0970  0.171 0.631 0.034
Mode Imputation -0.066 0135  -0.014 0.135 0940  0.239 0477  0.016
Random Sample -0.036 0.086  -0.044 0.086 1.000  0.000 0.526 0.074
MICE Forest -0.090 0.171 0.010 0.171 0930  0.256 0.589 0.050
Llama-3.1-8B-Instruct ~ -0.083 0.143 0.004 0.143 0980  0.141 0.618 0.058
INCOME Full Data 0.058 0.127 0.010 0.127 0940  0.239 0.513 0.021
Complete Case 0.054 0.160 0.014 0.160 0970  0.171 0.631 0.036
Mode Imputation 0.028 0.129 0.040 0.129 0900  0.302 0.476 0.016
Random Sample 0.037  0.091 0.031 0.091 0.990  0.100 0.522 0.064
MICE Forest 0.053 0.173 0.015 0.173 0930  0.256 0.594  0.061
Llama-3.1-8B-Instruct 0.075 0.149  -0.007  0.149 0980  0.141 0.616 0.057
POLIDEOLOGY Full Data -1.906 0.213 0.099 0.213 0.920 0.273 0.724 0.064
Complete Case -2.073 0.324 0.267 0.324 0.850 0.359 1.028 0.124
Mode Imputation -0.879 0.112 -0.927 0.112 0.000 0.000 0.527 0.029
Random Sample -0.686 0.087 -1.121 0.087 0.000 0.000 0.622 0.120
MICE Forest -2.188 0.374 0.381 0.374 0.690 0.465 1.004 0.180
Llama-3.1-8B-Instruct -2.587 0.412 0.780 0.412 0.180 0.386 1.023 0.133
RELIGATTEND Full Data -0.049 0.135 0.010 0.135 0.920 0.273 0.489 0.020
Complete Case -0.055 0.170 0.017  0.170 0940  0.239 0.601 0.032
Mode Imputation -0.053 0.137 0.014 0.137 0920  0.273 0454  0.018
Random Sample -0.020 0.095  -0.019 0.095 0.990  0.100 0.513 0.075
MICE Forest -0.054 0.186 0.015 0.186 0.890  0.314 0.555 0.048

Llama-3.1-8B-Instruct -0.059 0.152 0.020 0.152 0.940 0.239 0.580 0.048

Figure 5: Study 2 — MAR. Coefficient, bias, and confidence interval coverage and width
for our RAG approach and various baseline methods for the all IVs on MAR data. This
retriever is configured with 100 examples in-context, no stratification, most cosine similar
retrieval strategy, and str row conversion strategy.
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coef bias coverage width

mean std mean std mean std mean std

variable model
AGE Full Data -0.112 0.120 0.021 0.120 0940  0.239 0.473 0.025
Complete Case -0.063 0176 -0.029 0.176 0960  0.197 0.680 0.054
Mode Imputation -0.043 0.137  -0.048 0.137 0940  0.239 0.512 0.022
Random Sample -0.046 0.074  -0.046 0.074 1.000  0.000 0.529 0.089
MICE Forest -0.015 0.181 -0.076 0.181 0.850  0.359 0.600 0.082
Llama-3.1-8B-Instruct ~ -0.017  0.159  -0.075 0.159 0940  0.239 0.623 0.062
CITIZEN Full Data -0.327 0177 0.059 0.177 0937  0.245 0.583 0.139
Complete Case -0.228 0.151 -0.040 0.151 0.971 0.169 0.737 0.138
Mode Imputation -0.113 0.116 -0.155 0.116 0.855 0.355 0.647 0.133
Random Sample -0.141 0.096 -0.127 0.096 0.916 0.279 0.623 0.195
MICE Forest -0.253 0.180 -0.015 0.180 0.938 0.244 0.750 0.178
Llama-3.1-8B-Instruct -0.147 0.192 -0.120 0.192 0.848 0.361 0.750 0.230
EDUCATION Full Data -0.103 0.123 0.024 0.123 0.960 0.197 0.509 0.027
Complete Case -0.085 0.187 0.005 0.187 0950  0.219 0.728 0.053
Mode Imputation -0.063 0.153  -0.017  0.153 0930  0.256 0.550 0.023
Random Sample -0.038 0.081 -0.042 0.081 1.000  0.000 0.582 0.111
MICE Forest -0.069 0203  -0.011 0.203 0.880  0.327 0.636 0.075
Llama-3.1-8B-Instruct ~ -0.072 0.139  -0.008 0.139 0970  0.171 0.666 0.071
INCOME Full Data 0.088 0.121 -0.020 0.121 0970  0.171 0.507  0.029
Complete Case 0.119 0.188  -0.051 0.188 0960  0.197 0.728 0.061
Mode Imputation 0.054 0.136 0.014 0.136 0950  0.219 0.545 0.025
Random Sample 0.032 0.081 0.036 0.081 1.000  0.000 0.582 0.109
MICE Forest 0.147 0217  -0.079 0.217 0.880  0.327 0.649 0.091
Llama-3.1-8B-Instruct 0.134 0.164  -0.066 0.164 0950  0.219 0.684  0.090
POLIDEOLOGY Full Data -1.849 0.265 0.042 0.265 0.820 0.386 0.707 0.077
Complete Case -1.930 0.409 0.123 0.409 0.800 0.402 1.026 0.179
Mode Imputation -0.932 0.170 -0.875 0.170 0.000 0.000 0.608 0.072
Random Sample -0.755 0.101 -1.052 0.101 0.000 0.000 0.643 0.130
MICE Forest -2.275 0.495 0.468 0.495 0.580 0.496 1.053 0.260
Llama-3.1-8B-Instruct ~ -2.713 0.553 0907  0.553 0130  0.338 1.067  0.193
RELIGATTEND Full Data -0.041 0.120 0.002 0.120 0.950 0.219 0.484 0.022
Complete Case -0.039 0.167 0.000 0.167 0980  0.141 0.692 0.049
Mode Imputation -0.026 0.140  -0.013 0.140 0930  0.256 0.519 0.022
Random Sample -0.016 0.078  -0.023 0.078 1.000  0.000 0.572 0.113
MICE Forest -0.041 0.193 0.002 0.193 0.860  0.349 0.592 0.066

Llama-3.1-8B-Instruct -0.035 0.147 -0.004 0.147 0.990 0.100 0.625 0.067

Figure 6: Study 2 - MNAR. Coefficient, bias, and confidence interval coverage and width
for our RAG approach and various baseline methods for the all IVs on MNAR data. This
retriever is configured with 100 examples in-context, no stratification, most cosine similar
retrieval strategy, and str row conversion strategy.
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