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Abstract

Banks must decide which customer complaints to escalate, and large language models (LLMs) now
offer to automate this decision. Zero-shot LLMs rank complaints that end in monetary relief close
to chance, because the outcome depends on institutional history that the complaint text does not
contain. This study tests whether retrieval-augmented generation (RAG), which supplies similar past
complaints and their outcomes, closes that gap, and whether it transfers historical disparities between
consumer groups. Using 309,348 complaints from 2021–2024 as retrieval memory and complaints from
2025–2026 as queries, drawn from the Consumer Financial Protection Bureau archive, we evaluate
Qwen3-8B and Claude Haiku 4.5 under six context conditions against three non-LLM baselines.
On a pilot set, similar cases with their outcomes raise ROC AUC from 0.61 to 0.76–0.77 for both
models; similar cases without outcomes, or random cases with outcomes, give no gain. On the 3,000-
complaint test set, Qwen3-8B rises from 0.56 to 0.81, matching supervised models (0.80–0.82) but not
the historical relief rate used directly as a score (0.84). Institutional memory also widens the recall
gap between servicemembers and other consumers, from +0.6 percentage points without context to
−4.1 with full context, approaching the −6.0 to −8.1 points of the base rate and supervised models,
because servicemembers’ meritorious complaints retrieve neighbours with lower historical relief rates.
For complaint prioritization, what the model is shown matters more than which model is used, and
retrieval memory requires a fairness audit before deployment.

Keywords: retrieval-augmented generation, large language models, complaint management, algorithmic
fairness, banking analytics, decision support

1 Introduction

Complaint prioritization determines which cus-
tomers receive faster and more senior attention
when they report a problem with a bank. Supervi-
sors expect banks to classify, escalate and resolve
complaints within fixed deadlines; Saudi Ara-
bia’s central bank, for example, requires reso-
lution within five working days together with

defined escalation procedures and root-cause anal-
ysis [1]. Large language models (LLMs) promise
to automate this work because they read free-text
narratives without task-specific training [2, 3].

A companion study found that this promise
holds for only half of complaint triage [4]. LLMs
assigned complaints to the correct product with
the highest accuracy of all models tested, but
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ranked complaints that ended in monetary relief
close to chance (ROC AUC 0.51–0.62), while
supervised models trained on past outcomes
reached 0.80–0.82. The study attributed the gap
to institutional knowledge: whether a complaint
ends in relief depends on how companies have
resolved similar cases, and the complaint text does
not reveal it. The supervised models that cap-
tured this knowledge also inherited a historical
disparity and flagged fewer relief complaints from
servicemembers than from other consumers, echo-
ing documented inequities in complaint handling
[5].

Retrieval-augmented generation (RAG) offers
a direct test of that explanation. RAG supplies
a model with retrieved documents at inference
time [6], and banks increasingly deploy LLMs
this way because it adds institutional knowl-
edge without retraining. If institutional history
is what zero-shot LLMs lack, retrieving similar
past complaints and their outcomes should close
the priority gap. The same mechanism raises a
fairness concern. Recent work shows that RAG
can undermine the fairness of aligned LLMs even
when the retrieved corpus appears unbiased [7, 8],
and that the composition of in-context examples
shifts LLM fairness [9, 10]. When the retrieved
outcomes themselves encode a historical dispar-
ity, RAG may transfer that disparity directly into
LLM decisions.

This study examines both effects with com-
plaints about retail bank products from the
archive of the US Consumer Financial Protection
Bureau (CFPB). It asks four questions. RQ1: does
retrieval of similar past complaints and their out-
comes raise LLM priority performance to the level
of supervised models? RQ2: does retrieval transfer
the historical servicemember disparity into LLM
prioritization? RQ3: which part of the retrieved
context carries the signal? RQ4: does the LLM
add value beyond simple statistics computed from
the same memory?

The study makes three contributions. First,
it shows that retrieved cases with outcomes raise
LLM priority performance by about 0.15 ROC
AUC for both an open-source and a commercial
model, and isolates the outcomes as the source
of the gain. Second, it shows that an LLM with
full context matches supervised models but does
not outperform the historical relief rate com-
puted from the same memory, which questions

the need for an LLM in this step. Third, it
traces how retrieval transfers disparity: relief com-
plaints from servicemembers retrieve neighbours
with lower historical relief rates, and the ser-
vicemember recall gap widens as more historical
outcome information enters the prompt.

2 Related work

2.1 LLMs for complaint and
outcome classification

LLMs classify consumer-finance complaints by
product with high zero-shot accuracy [2], and con-
sumers now use LLMs to write the complaints
that institutions receive [11]. Outcome prediction
has relied on supervised learning: monetary relief
can be predicted from narrative text, topics and
company identity with gradient-boosted trees [12].
Across business tasks, LLMs label text reliably
but fail when the target depends on information
outside the text; Megahed et al. [3] report that
14 LLMs classify financial-news sentiment accu-
rately yet predict market movements at chance,
and Luketina et al. [13] find that LLMs support
tax decisions but struggle with implicit, context-
specific knowledge. Retrieval over financial com-
plaints has been studied for privacy-preserving
classification [14], but not as a source of institu-
tional memory for outcome prediction.

2.2 Fairness of retrieval and
in-context learning

RAG changes the fairness properties of LLMs.
Hu et al. [7] show that retrieval can undermine
the fairness alignment of LLMs without any fine-
tuning, even when the external corpus is censored,
and Wu et al. [8] find fairness differences across
RAG pipelines in open-domain question answer-
ing. Fairness-aware retrieval re-ranks documents
to control the bias they pass to the generator
[15]. For in-context learning, the proportion of
minority-group examples in a prompt changes
fairness outcomes [9], and demonstration selection
can be optimized for fairness [10, 16]. These stud-
ies use benchmark bias datasets with demographic
or synthetic labels. None examines retrieval of an
organization’s own historical decisions, where the
retrieved labels carry a documented disparity.
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2.3 Label bias

When a model predicts a proxy outcome, dis-
parities in how the proxy was generated pass
into its predictions [17]. Monetary relief is such a
proxy for complaint merit: it records what compa-
nies granted, including any unequal treatment of
consumer groups. Equality of opportunity, which
requires equal true-positive rates across groups, is
the natural criterion when a positive prediction
confers a benefit [18]. Retrieval makes label bias
immediate, because the LLM reads the historical
labels in its prompt.

3 Data and study design

3.1 Data

We use the CFPB Consumer Complaint Database
narratives archive [19], which preserves complaint
narratives published before the CFPB stopped
publishing them on 14 August 2026 [20]. Fol-
lowing [4], we keep complaints received from 1
January 2021 that include a narrative, concern
one of five retail bank product classes (deposit
accounts, credit cards, mortgages, consumer loans
and money transfers) and carry a final company
response. The outcome is whether the company
closed the complaint with monetary relief.

3.2 Retrieval memory and query
sets

The retrieval memory contains all 309,348 com-
plaints received between 2021 and 2024. All query
complaints were received from 1 January 2025
to 14 August 2026, so every retrieved case pre-
cedes its query and no future information enters
the prompt. We use three query sets: (i) a pilot
set of 500 randomly drawn complaints (relief rate
9.2%), used for condition comparisons and for tun-
ing decision thresholds; (ii) the tag-stratified test
set of [4], with 1,000 untagged complaints, 1,000
tagged “Older American” and 1,000 tagged “Ser-
vicemember”, reweighted to population shares;
and (iii) 2,100 supplementary relief complaints
(700 per group) from the same period, used
to estimate recall by group. The three sets are
disjoint.

3.3 Retrieval

We embed every narrative with the bge-base-
en-v1.5 sentence encoder [21], truncated to 256
tokens and normalized, and retrieve the k most
similar memory complaints by cosine similarity
with an exact FAISS index [22]. The main analy-
ses use k = 8. The mean cosine similarity between
a query and its nearest memory complaint is 0.87,
and 73.5% of retrieved cases share the query’s
product class.

3.4 Context conditions

All conditions share one instruction and one out-
put schema, an integer from 0 to 100 estimating
the likelihood of monetary relief, and differ only
in the context placed before the new complaint
(Table 1). Each context case shows the company,
issue, the first 700 characters of the narrative
and, where applicable, its outcome. The new com-
plaint shows its company, issue and narrative. No
condition reveals the consumer tag.

Table 1 Context conditions. All conditions include the
new complaint’s company, issue and narrative.

Condition Context before the new complaint

C0 None (zero-shot)
C1 k random memory complaints with out-

comes
C2 k most similar memory complaints with

outcomes
C3 C2 plus the company–issue historical relief

rate
C4 Company–issue historical relief rate only
C5 k most similar memory complaints without

outcomes

The company–issue relief rate is computed
from the memory with an m-estimate (m = 20)
that shrinks sparse cells toward the company rate,
and the company rate toward the overall rate.

3.5 Models and baselines

We evaluate Qwen3-8B [23], run locally with 4-
bit quantization through Ollama at temperature
0 with reasoning disabled, and Claude Haiku 4.5,
accessed through the Anthropic Message Batches
API. Both models return JSON constrained to
the output schema. We compare them with three
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scorers that use no LLM: the share of relief
among the k retrieved neighbours (kNN vote), the
company–issue historical relief rate (base rate),
and the TF-IDF logistic regression and fine-tuned
DeBERTa priority models of [4].

3.6 Evaluation

We report ROC AUC and precision–recall AUC
with 95% bootstrap confidence intervals (1,000
resamples on the pilot set; 2,000 for group gaps).
For each scorer we set the flagging threshold
that maximizes F1 on the pilot set and apply it
unchanged to the test and supplementary sets.
For RQ2 we report priority recall by consumer
group on pooled relief complaints (test set and
supplementary sample; 779 untagged, 843 older
American and 785 servicemember) and the dif-
ference from the untagged group. To trace the
mechanism we compare, by group, the share of
relief among the neighbours retrieved for relief
complaints.

3.7 Experimental setup and
implementation

Table 2 lists every setting needed to reproduce
the experiments. All local computation ran on one
laptop with an Intel Core i9-14900HX processor,
32 GB of memory and an NVIDIA GeForce RTX
4070 Laptop GPU with 8 GB of memory. The
Claude runs used the Anthropic Message Batches
API, which processes requests asynchronously at
half the standard price.

Table 3 reports prompt length, latency and
cost by condition. Retrieval quadruples the
prompt: a zero-shot prompt contains about 380
tokens for Qwen3-8B and 580 for Haiku 4.5, and a
prompt with eight retrieved cases about 1,800 and
2,100. Embedding the memory took 7.6 minutes
on the GPU. Exact search over the memory on
the CPU takes about 30 ms for a single query and
about 1 ms per query when queries are processed
in batches. The Haiku 4.5 pilot (1,500 requests)
consumed 2.36 million input and 16,500 output
tokens and cost US$1.22. Every LLM response in
the pilot returned a valid score.

Appendix A reproduces the instruction and
the structure of each prompt.

3.8 Use of generative AI

Besides the LLMs under study, the author used
Claude Opus 5.5 (Anthropic), through the Claude
Code application, to write and debug the anal-
ysis code, to search for and verify bibliographic
records, and to draft and edit the manuscript. The
author designed the study, verified all code, results
and citations, and takes full responsibility for the
content.

4 Results

4.1 Retrieved outcomes close most
of the priority gap (RQ1, RQ3)

Table 4 reports priority performance on the pilot
set. Without context (C0), both LLMs rank relief
complaints weakly (ROC AUC 0.61), reproduc-
ing the zero-shot result of [4]. Retrieving the eight
most similar past complaints with their outcomes
(C2) raises ROC AUC to 0.74 for Qwen3-8B and
0.73 for Haiku 4.5, and adding the historical relief
rate (C3) raises it to 0.77 and 0.76. The two mod-
els, which differ in size and provider, follow the
same pattern within 0.02.

The ablations locate the signal in the retrieved
outcomes. Similar cases without their outcomes
(C5) give no gain over zero-shot (0.564), and ran-
dom cases with outcomes (C1) give none either
(0.564). The gain therefore requires both relevance
and outcomes: the model benefits from knowing
how similar cases ended, and neither topical simi-
larity nor generic outcome examples substitute for
that.

4.2 The LLM matches supervised
models but not the base rate
(RQ4)

Table 5 reports priority performance on the
population-weighted test set. Qwen3-8B rises from
0.561 without context (C0) to 0.728 with retrieved
cases (C2) and 0.805 with retrieved cases and the
base rate (C3). Under C3 it matches the super-
vised models of [4] (DeBERTa 0.801, TF-IDF
0.817) and exceeds the kNN vote over the same
neighbours (0.745). The company–issue base rate
used directly as a score, however, reaches 0.835,
the highest ROC AUC of all scorers, without any
LLM call or model training.
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Table 2 Experimental settings.

Component Setting

Data and splits

Retrieval memory 309,348 complaints received 1 Jan 2021–31 Dec 2024
Pilot set 500 complaints received 1 Jan 2025–14 Aug 2026, random draw (seed 42), 46 relief cases
Test set 3,000 complaints, 1,000 per consumer group, population-reweighted
Supplementary relief set 2,100 relief complaints, 700 per group (seed 7)

Retrieval

Encoder BAAI/bge-base-en-v1.5 (768 dimensions), 16-bit inference, batch size 128
Input length First 256 tokens of each narrative; embeddings L2-normalized
Index FAISS IndexFlatIP (exact inner-product search, equal to cosine similarity)
Neighbours k = 8 in all main conditions; 32 stored per query
Context truncation 700 characters per retrieved case; 2,500 characters for the new complaint
Base rate Company–issue relief rate with m-estimate smoothing, m = 20 (12,750 cells)

Qwen3-8B

Model qwen3:8b, 8.2B parameters, Q4 K M quantization, Ollama 0.34.4
Decoding Temperature 0, reasoning disabled, context window 8,192 tokens, JSON schema output; output

capped at 40 tokens for the test runs

Claude Haiku 4.5

Model claude-haiku-4-5 via Message Batches API
Decoding Default sampling, max tokens 50, JSON schema structured output

Evaluation

Threshold F1-maximizing value on the pilot set, grid 0.01–0.99 in steps of 0.01
Confidence intervals Percentile bootstrap: 1,000 resamples (pilot AUC), 2,000 (group gaps); seed 42

Software

Libraries Python 3.12.10, PyTorch 2.11.0 (CUDA 12.8), sentence-transformers 6.1.0, FAISS 1.15.1, scikit-
learn 1.9.1, pandas 3.0.6, Anthropic Python SDK 1.8.0

Table 3 Prompt length, latency and cost per condition on the pilot set. Latency is the median per complaint for
Qwen3-8B on the local GPU; cost is the Batches API price for Haiku 4.5.

Qwen3-8B (local) Claude Haiku 4.5

Condition Prompt tokens Seconds Prompt tokens US$ per 1,000

C0 zero-shot 379 0.39 580 0.32
C1 random cases 1,722 –a – –
C2 similar cases 1,790 0.92 2,095 1.08
C3 C2 + base rate 1,814 0.92 2,118 1.09
C4 base rate only 402 0.38 – –
C5 similar, no outcomes 1,731 0.90 – –

kNN vote, base rate No LLM call; retrieval about 30 ms per query

aC1 ran while another process shared the GPU, so its latency is not comparable.

The pilot results show why the LLM adds little
once the memory is in the prompt. Given only
the base rate (C4), Qwen3-8B reaches 0.691 on
the pilot set, below the 0.801 that the same rate
achieves as a score, so the model partly discards
the signal it receives. Both LLMs also compress
their estimates into 15–27 distinct values across
500 complaints, which limits their ability to rank.

4.3 Institutional memory transfers
the servicemember disparity
(RQ2)

The servicemember recall gap widens as more his-
torical outcome information enters the prompt
(Table 6, Figure 1). Without context (C0),
Qwen3-8B flags servicemembers’ relief complaints
at the same rate as untagged consumers’ (+0.6
percentage points). With retrieved cases (C2) the
gap becomes −1.5 points, and with cases and the
base rate (C3) −4.1 points. The base rate alone
gives −6.0 points (95% CI −10.8 to −0.9), and
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Table 4 Priority performance on the pilot set (n = 500, relief rate 9.2%). ROC AUC with 95% bootstrap confidence
intervals. aPR AUC for Qwen3-8B, or for the scorer in rows without an LLM.

Scorer Qwen3-8B Claude Haiku 4.5 PR AUCa

C0 zero-shot 0.608 [0.52, 0.69] 0.613 [0.55, 0.67] 0.127
C1 random cases 0.564 [0.48, 0.64] – 0.108
C2 similar cases 0.742 [0.67, 0.82] 0.730 [0.66, 0.80] 0.215
C3 C2 + base rate 0.768 [0.70, 0.83] 0.763 [0.69, 0.83] 0.220
C4 base rate only 0.691 [0.63, 0.76] – 0.143
C5 similar, no outcomes 0.564 [0.48, 0.64] – 0.101

Scorers without an LLM
kNN vote (k = 8) 0.768 [0.69, 0.85] 0.265
Base rate 0.801 [0.73, 0.86] 0.288
TF-IDF (supervised) 0.824 [0.76, 0.88] 0.293

Table 5 Priority performance on the test set (n = 3,000, population-weighted). Thresholds were set on the pilot set.

Scorer ROC AUC PR AUC Recall Flag rate

Qwen3-8B C0 (zero-shot) 0.561 0.100 0.425 0.318
Qwen3-8B C2 (similar cases) 0.728 0.167 0.441 0.184
Qwen3-8B C3 (C2 + base rate) 0.805 0.201 0.473 0.164

kNN vote (k = 8), no LLM 0.745 0.200 0.350 0.153
Base rate, no LLM 0.835 0.274 0.390 0.114
TF-IDF (supervised) 0.817 0.284 0.604 0.212
DeBERTa (supervised) 0.801 0.238 0.644 0.234

the supervised models of [4] give −6.3 and −8.1
points. The individual LLM gaps have confidence
intervals that include zero, but their ordering fol-
lows the amount of historical information in the
context, and the fully informed scorers show sta-
tistically significant gaps. No scorer disadvantages
older Americans.

The retrieval step explains the transfer. For
complaints that did end in relief, the neigh-
bours retrieved for servicemembers ended in relief
30.7% of the time, compared with 33.7% for
untagged consumers and 36.1% for older Amer-
icans. Retrieval therefore presents a more pes-
simistic institutional memory for servicemembers’
meritorious complaints, and a model that reads
this memory receives the disparity as evidence.

5 Discussion

5.1 Context, not the model, drives
prioritization

The results support the institutional-knowledge
explanation of the LLM priority gap. Two unre-
lated LLMs gain the same 0.15 ROC AUC on the
pilot set from retrieved outcomes and gain noth-
ing from similarity without outcomes, and on the
test set retrieval lifts Qwen3-8B from 0.56 to 0.81.
The finding extends the observation of Megahed
et al. [3] and Luketina et al. [13] that LLMs fail
where the target depends on information outside
the text: supplying that information fixes most of
the failure. It also shows the limit of the LLM’s
contribution. The historical relief rate over the
same memory ranks complaints better than the
LLM that reads it, at no inference cost and with
full transparency. For prioritization, a bank gains
more from curating its resolution history than
from choosing a larger model.
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Table 6 Priority recall by consumer group on pooled relief complaints (test set and supplementary sample; 779
untagged, 843 older American, 785 servicemember) and gap from the untagged group in percentage points with 95%
bootstrap confidence intervals. Thresholds were set on the pilot set.

Recall Gap vs untagged (pp)
Scorer Untagged Servicem. Servicemember Older American

Qwen3-8B C0 0.436 0.442 +0.6 [−4.4, 5.7] −2.2 [−6.9, 2.2]
Qwen3-8B C2 0.516 0.501 −1.5 [−6.5, 3.3] +0.4 [−4.6, 5.1]
Qwen3-8B C3 0.531 0.490 −4.1 [−8.8, 0.9] +2.3 [−2.4, 7.2]

kNN vote (k = 8) 0.499 0.459 −4.1 [−9.3, 0.9] +4.3 [−0.4, 9.2]
Base rate 0.394 0.334 −6.0 [−10.8, −0.9] +6.4 [1.4, 11.2]
TF-IDF (supervised) 0.641 0.577 −6.3 [−11.3, −1.6] +3.1 [−1.5, 7.9]
DeBERTa (supervised) 0.646 0.564 −8.1 [−12.7, −3.4] +5.7 [1.3, 10.3]

−12.5 −10.0 −7.5 −5.0 −2.5 0.0 2.5 5.0
Servicemember recall minus untagged recall (percentage points)

Qwen3-8B, no context (C0)

Qwen3-8B + similar cases (C2)

Qwen3-8B + cases + base rate (C3)

kNN vote over retrieved cases

Company-issue base rate

TF-IDF (supervised)

DeBERTa (supervised)

LLM
Memory statistic
Supervised

Fig. 1 The servicemember recall gap widens as the prompt carries more historical outcome information. Points show the
gap from untagged consumers; bars show 95% bootstrap confidence intervals.

5.2 Retrieval memory needs a
fairness audit

Retrieval does not create the servicemember dis-
parity; it passes on the disparity recorded in past
outcomes [5, 17]. The gradient in Figure 1 shows
the trade-off directly: each step that adds institu-
tional memory improves ranking and moves recall
for servicemembers further below that of other
consumers. The mechanism differs from the fair-
ness failures reported for RAG on benchmark
corpora [7, 8], where bias enters through retrieved
text; here it enters through retrieved decisions.
Two remedies follow from the literature: balancing
retrieved cases so that outcome rates do not dif-
fer by group [9, 15], and group-specific thresholds
that equalize recall [18]. Testing these remedies

against the accuracy they cost is the natural next
step.

5.3 Limitations

The pilot set is small (46 relief complaints), so
pilot differences below about 0.05 ROC AUC are
not resolved, and Claude Haiku 4.5 was evalu-
ated on the pilot set only. The recall gaps for
the LLM conditions are individually not statis-
tically significant; the evidence for transfer rests
on their ordering, on the significant gaps of the
fully informed scorers and on the retrieval mech-
anism. We use one encoder, one value of k in the
main analyses and one prompt design, and the
test runs capped Qwen3-8B’s output at 40 tokens,
which the pilot runs did not. Monetary relief is a
proxy for merit, consumer tags are optional and
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self-reported, and the data cover English-language
complaints to US institutions.

6 Conclusion

Retrieval-augmented generation closes the gap
between LLMs and supervised models in bank
complaint prioritization, and it does so through
the outcomes of similar past cases. The same
retrieval carries historical disparities into the
model’s decisions, and the historical relief rate
computed from the memory ranks complaints bet-
ter than the LLM that reads it. Banks that adopt
RAG for complaint handling should treat their
resolution history as the core asset, audit it for
group disparities before it reaches any model,
and consider whether an LLM is needed for the
prioritization step at all.
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Appendix A Prompts

Instruction (identical in all conditions).

You help a US retail bank prioritize consumer com-
plaints for escalation. Estimate how likely it is that
the company will resolve the NEW complaint with
monetary relief to the consumer (a refund, reim-
bursement, fee reversal or other payment). Return
an integer from 0 to 100. Base your estimate on the
evidence provided; relief is uncommon, so reserve
high values for complaints that clearly resemble

cases that ended in relief. Personal details are
redacted as XXXX. Respond with the JSON object
only.

Output schema.

A JSON object with one required integer field,
relief likelihood, and no other fields.

Context block (C1, C2, C3, C5).

A heading followed by k cases in the form:

Past complaint 1 (company: <company>;

issue: <issue>):

<first 700 characters of the narrative>

Outcome: CLOSED WITH MONETARY RELIEF or
closed without monetary relief

The heading reads “Past complaints most simi-
lar to the new complaint, with their outcomes”
(C2, C3), “Randomly selected past complaints to
this bank group, with outcomes” (C1) or “Past
complaints most similar to the new complaint
(outcomes not shown)” (C5, which omits the
outcome line).

Base-rate line (C3, C4).

Historical base rate: <r>% of past

complaints about this company and issue

ended in monetary relief.

New complaint (all conditions, last).

NEW complaint (company: <company>; issue:

<issue>):

<first 2,500 characters of the narrative>
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