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Abstract

Automating benefit verification phone calls saves
time in healthcare and helps patients receive treat-
ment faster. It is critical to obtain highly accurate
information in these phone calls, as it can affect
a patient’s healthcare journey. Given the noise in
phone call transcripts, we have a two-stage system
that involves a post-call review phase for poten-
tially noisy fields, where human reviewers man-
ually verify the extracted data—a labor-intensive
task. To automate this stage, we introduce Auto
Review, which significantly reduces manual effort
while maintaining a high bar for accuracy. This sys-
tem, being highly reliant on call transcripts, suffers
a performance bottleneck due to automatic speech
recognition (ASR) issues. This problem is further
exacerbated by the use of domain-specific jargon in
the calls. In this work, we propose a second-stage
postprocessing pipeline for accurate information
extraction. We improve accuracy by using multiple
ASR alternatives and a pseudo-labeling approach
that does not require manually corrected transcripts.
Experiments with general-purpose large language
models and feature-based model pipelines demon-
strate substantial improvements in the quality of
corrected call transcripts, thereby enhancing the
efficiency of Auto Review.

1 Introduction

A key use case for Conversational AI systems in
industry is collecting information (Gnewuch et al.,
2017). One critical application is healthcare benefit
verification, where information about a patient’s
insurance coverage is gathered from an insurance
company over the phone. These extracted values,
such as patient group numbers and drug coverage
details, are essential for treatment approval and di-
rectly impact a patient’s healthcare journey (Buker,

Figure 1: An excerpt from a dummy chat, along with the field
values extracted during the call, is passed to the post-call re-
viewing module for verification. The noisy ASR transcripts
can contribute to errors in the extracted data; this is exacer-
bated for domain-specific jargon such as group number and
rare agent names.

2023). Given the high-stakes nature of this task,
ensuring the accuracy of extracted data is crucial.

While extensive research has focused on con-
versation navigation techniques—such as intent
prediction, slot filling, and dialogue state track-
ing (McTear, 2022)—there has been comparatively
less emphasis on ensuring the accuracy of extracted
information in AI-driven conversations with task-
specific context. In real-world applications, auto-
mated phone call outputs often contain errors due
to ASR challenges, including background noise,
domain-specific jargon, and complex alphanumeric
sequences. To maintain data reliability, it is crucial
to incorporate automated error correction methods
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or human-in-the-loop verification where necessary.
Unlike prior work that focuses on ASR error cor-
rection for grammatical mistakes, our goal is to
improve the accuracy of extracted informational
fields. Since creating datasets for ASR error cor-
rection is time-consuming and labor-intensive, we
propose using a pseudo-labeling technique with
Large Language Models (LLMs).

Given the real-time constraints of compute and
latency during live calls, we introduce Auto Re-
view, a two-stage pipeline that enhances post-call
information extraction. The first stage involves a
conversational AI system that navigates live calls
and extracts key field values. However, it does not
guarantee that the extracted values are highly ac-
curate. The second stage performs an automated
review, flagging potential errors for human review
or approving the accurate values. This second stage
significantly reduces manual human review time
while maintaining high accuracy.

We evaluate LLMs as a reviewing agent in two
distinct settings: direct verification, where a model
determines whether an extracted field value in the
first stage is correct, and direct extraction, where
a model identifies the correct value directly from
the transcript. We compare multiple LLMs and
feature-based models, analyzing their trade-offs in
precision, recall, and computational efficiency.

The main contributions of this paper can be sum-
marized as:

• We introduce a two-stage pipeline for accu-
rate and efficient information extraction in the
healthcare benefit verification domain. This
approach saves human review time while en-
suring high accuracy in the final outputs deliv-
ered to clients.

• To address domain-specific errors in ASR tran-
scripts, we propose a pseudo-label generation
technique leveraging LLMs.

• We conduct a comprehensive evaluation of
LLMs for information verification in both gen-
erative and discriminative settings, analyzing
the trade-offs between the two approaches.

2 Related Work

ASR Error Correction Most research on ASR
error detection and correction focuses on gram-
matical mistakes (Li and Wang, 2024; Ma et al.,
2023). Loem et al. (2023) demonstrated that GPT-
3, in zero-shot and few-shot settings, can perform

grammatical error correction. Davis et al. (2024)
used LLM prompting techniques to address gram-
matical issues, while Wang et al. (2024) combined
rule-based methods with generative models to intro-
duce artificial errors that mimic real-world patterns.
Shen et al. (2022) highlighted how the scarcity of
errors in training data limits a model’s ability to cor-
rect them effectively. Unlike these approaches, our
focus is on correcting informational fields rather
than grammatical issues. We leverage domain-
specific context and frequent ASR error patterns to
improve accuracy in benefit verification.

Previous work has focused on correcting named
entity errors in ASR text. For instance, Pusateri
et al. (2024) use a retrieval-augmented approach,
while Saebi et al. (2021) leverage external knowl-
edge sources like knowledge graphs. However,
in our healthcare phone conversations, sensitive
and context-dependent information (e.g., personal
health data) is often not available in public knowl-
edge bases and can only be captured live during the
call.

Many studies use supervised fine-tuning as a
post-processing step to reduce ASR errors (Er-
rattahi et al., 2016; Radhakrishnan et al., 2023).
Some approaches (Ebadi et al., 2024) avoid rely-
ing on manually corrected transcripts by using the
inherent knowledge of LLMs to correct errors. In
contrast, we don’t have manually corrected tran-
scripts, and few-shot LLMs were ineffective, as
they haven’t been exposed to our domain-specific
data during pre-training.

Output Extraction Dialogue state tracking
(DST) in task-oriented dialogues involves intent
recognition, which can be viewed as output extrac-
tion based on the user turns (Li et al., 2024). This
process fills predefined slot-value pairs according
to the domain and task requirements. In health-
care benefit verification, this translates to extracting
specific fields necessary to confirm patient bene-
fits (Feng et al., 2023). Retrieval-augmented strate-
gies have been explored for DST (King and Flani-
gan, 2023), and LLMs have been applied to intent
and entity extraction for live conversations (Luo
et al., 2024). While our first-stage live call sys-
tem incorporates elements of these approaches, it
does not achieve the required accuracy given our
healthcare-specific constraints on latency and com-
pute resources. To address this, we introduce a
second-stage system that refines outputs in a post-
processing step, improving overall accuracy.
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Figure 2: The auto review pipeline consists of an online and
an offline component. The fields that do not get auto-approved
are passed to a human reviewer for correction.

3 Two Stage Pipeline for Highly Accurate
Information Extraction

Our automation pipeline for verifying patient insur-
ance benefits involves two stages. First, a live-call
conversational AI model engages with an insurance
representative to collect the necessary benefit infor-
mation. Second, an auto-review AI model validates
the collected data based on the full call context,
patient details, and domain knowledge.

The goal is to ensure the accuracy of the in-
formation and automate healthcare processes. In
cases where the data may be uncertain, a human is
brought in for review. For high-confidence fields,
we can automatically approve the data, significantly
reducing human involvement and improving opera-
tional efficiency without compromising quality.

In the second stage, the auto-review AI models
verify the accuracy of the information collected.
We define auto-reviewing as the process of assess-
ing whether each extracted value from a call tran-
script is correct. As shown in the conversation
snapshot in Figure 1, some information may be
updated or corrected during the call.

To support large-scale industrial deployment, we
prioritized cost-effective model design, considering
trade-offs between model complexity and perfor-
mance. Our objective is to deploy efficient and scal-
able models that maintain comparable performance
to larger alternatives, as long as differences are not
statistically significant. The models evaluated in
this paper represent a simplified component of a
broader production pipeline used in our industrial
setting.

Field Error Rates Mean Edit STDV
Agent Name 10.80% 3.23 2.89
Reference Number 12.90% 7.05 6.43
Group Number 9.80% 3.76 7.76

Table 1: Error rates denote the ratio of incorrectly extracted
live-call values for each field. Mean edit and STD denote
mean and standard deviations of edit distances of live-call
extracted values that contain errors.

Dataset Type Calls AVG STDV
Train 6,652 907 316.09
Validation 383 926 329.26
Test 2,260 939 356.79

Table 2: Patients benefit verification phone calls. AVG: aver-
age number of words, STDV: standard deviation.

4 Data Description

We collected 9,456 benefit verification calls be-
tween February and July 2024 for our experiments.
Calls from February 1st to July 3rd were used for
training, calls from July 5th for validation, and calls
from July 10th to 12th for evaluation1. The dataset
details are given in Table 2. The dataset includes
call audio, ASR transcripts, extracted field values,
and human-verified gold field values.

The field values in our healthcare domain include
alphanumeric strings (e.g., insurance agent name,
patient group number), booleans (e.g., medication
coverage), and dates (e.g., effective dates of insur-
ance plans). Alphanumeric fields typically exhibit
the highest error rates due to ASR mistranscrip-
tions caused by homophones, background noise,
and similar-sounding names. We focus on alphanu-
meric fields for three reasons: 1) they have the high-
est correction rates, 2) they vary greatly in value,
and 3) they are most prone to ASR errors. There-
fore, we discuss three key alphanumeric fields with
the highest correction rates: Agent Name, Refer-
ence Number, and Group Number2. The first-stage
conversational AI models were generally accurate,
with target output fields having an error correction
rate of 10-13%, and their mean edit distances rang-
ing from 3.23 to 7.05 (see Table 1).

5 Auto-Review Model

We developed two primary approaches for auto-
matically reviewing benefit information, both of
which take the call transcript as input. The first,

1No calls were collected over the weekend.
2Multimodal LLMs performed poorly when directly ex-

tracting from call audio recordings (see C.1).
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Direct Extraction, extracts the field values, while
the second, Direct Verification, uses the live-call
values and determines, in a discriminative setting,
whether they are correct.

5.1 Direct Verification
In this approach, both the transcript and the live-
call field value are provided as input. The live-
call value is defined as the field value extracted
by our real-time system, which may also involve
human in the loop. This setting is akin to binary
classification.

Input: [Transcript][Live-call Extracted Field
Value] Is the field value correct? Output: Yes/No

5.2 Direct Extraction
Here, the model receives the call transcript along
with the field name and is tasked with extracting
the relevant value from the transcript. The value
extracted in this setting is referred to as the post-
call value.

Input: [Transcript] What is the field value? Out-
put: Post-call Extracted Field Value

After the extraction, we convert the task back to
a review process by comparing the extracted field
value with the live-call field value. If the live-call
field value matches the post-call extracted value,
we consider it to be correct.

5.3 Error Patterns
A major source of incorrect predictions at this stage
stems from errors in the call transcripts, which can
result in either incorrect field values being approved
or correct ones being missed.

Our task faces two main challenges: 1) detect-
ing errors in call-level field extraction, which is
a highly imbalanced classification problem, and
2) auto-correcting detected errors, which requires
understanding ASR error patterns. One common
error pattern involves similar pronunciations, such
as a mistranscribed reference number (Rina A
01012024 instead of Sabrina A 01012024). An-
other common issue arises from inaccurate long
sequence transcripts, such as missing or redundant
digits (e.g., ‘10001234’ missing a 0, or ‘1234560’
with an extra 0). These ASR errors present a bot-
tleneck for the auto-review process.

6 Error Handling

Traditional ASR error correction models aim to de-
tect and correct all errors in a transcript (Lu et al.,
2019). In contrast, our focus is not on correcting

Figure 3: An overview of the ASR error handling component.
n ASR alternatives are used to generate the pseudo-labels that
are then used for training the AEC model. During inference,
the corrected utterances are inserted back into the transcript.

Algorithm 1 Correcting ASR transcript using gold field value

1: Input: ASRN (list of ASR alternatives), fieldgold (cor-
rected field value)

2: ASRbest← fLLM
best_alternative(ASRN , fieldgold)

3: ASRcorr ← fLLM
correct_transcript(ASRbest, fieldgold)

4: return ASRcorr

grammatical errors, but on ensuring the accuracy
of the information relevant to benefit verification.
As noted in recent studies (Zhu et al., 2021), us-
ing n-best alternatives significantly improves error
correction. In our experiments, providing multiple
transcript alternatives improves data extraction per-
formance. Therefore, we use n-alternatives at both
the pseudo-label generation and error correction
stages3

6.1 Generating Pseudo-Labels

Manually curating an error correction dataset
from a large number of calls is expensive and time-
consuming. Instead, we leverage existing ASR
transcripts and human-reviewed field values from
past calls to create a specialized dataset for error
correction.

To generate pseudo-labels, we prompt an LLM
to correct noisy transcripts so that the informa-
tion aligns with the gold field value. In initial
experiments, we found that when multiple errors
were present in a transcript4, the LLM struggled
to correct all of them. To address this, we use n-
alternatives and break pseudo-label generation into
two steps. First, we provide the LLM5 with all
n-alternatives and the gold field value, asking it
to choose the best alternative, we formalize this
as fLLM

best_alternative(ASRN , fieldgold). Then, us-
ing the selected alternative and the gold value, we
prompt the LLM again to correct the transcript,
we call this function fLLM

correct_transcript(ASRbest,

3Please refer to C.1 and C.3 for more details about our
main model architecture decision.

4The best transcript returned by the ASR model may not
be the most accurate for benefit verification.

5We use the Gemini model for generating pseudo-labels.
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Model Agent Name Reference Number Group Number

Precision Recall F1 Precision Recall F1 Precision Recall F1

XGBoost 0.9570 0.6617 0.7824 0.9636 0.8598 0.9088 0.9749 0.8969 0.9343
XGBoost + AED 0.9494 0.7634 0.8463 0.9732 0.8637 0.9152 0.9532 0.7523 0.8409
XGBoost + AEC 0.9567 0.6682 0.7868 0.9739 0.8506 0.9081 0.9562 0.6605 0.7813
XGBoost + AED +
AEC

0.9508 0.7569 0.8429 0.9689 0.8773 0.9208 0.9531 0.7405 0.8335

Gemini 1.5 0.9563 0.8472 0.8985 0.9499 0.7541 0.8408 0.9796 0.6656 0.7927
Gemini 1.5 + AEC 0.9602 0.8011 0.8734 0.9569 0.7221 0.8231 0.9815 0.5979 0.7431
GPT 3.5 0.9373 0.8829 0.9093 0.9355 0.7953 0.8598 0.9493 0.9508 0.9500
GPT 3.5 + AEC 0.9415 0.8626 0.9003 0.9432 0.8138 0.8737 0.9506 0.9574 0.9540
Fine-tuned GPT
3.5 + AEC 0.9192 0.9985 0.9572* 0.9386 0.9942 0.9656* 0.9556 0.9933 0.9741*

Table 3: Model performance for the Direct Verification setting in correctly reviewing Agent Name, Reference Number, and
Group Number. Fine-tuned GPT 3.5 + AEC refers to the model fine-tuned for auto-reviewing using corrected transcripts. The
results highlighted in gray are from the fine-tuned model, all other models have not been fine-tuned. (AED: ASR Error Detection,
AEC: ASR Error Correction, GPT 3.5: GPT 3.5 Turbo). McNemar’s tests were conducted on the best-performing model for
each field against its baseline (XGBoost), and all comparisons showed statistically significant improvements (∗ : p < 0.001)

fieldgold). Figure 3 gives the workflow on pseudo-
label generation. In all experiments, we set n =
10 6. Detailed prompts are described in Ap-
pendix D, and the algorithm for locating utterances
is presented in Appendix B.

6.2 Automatic Error Correction Model

For the ASR Error Correction (AEC) model, we
use Mistral (Jiang et al., 2023) as the base model
for error handling tasks7. The AEC model focuses
exclusively on correcting utterances containing key
field values. We first isolate those utterances for
each field type. The corresponding pseudo-labels
are generated only during the training phase. We
provide n alternatives as input to the model and
train using the pseudo-labels. Given the n alterna-
tives, the AEC model is trained to output a single
correct transcript. After the correction, the cor-
rected utterances are inserted back to their original
place in the full call transcript.

6.3 Automatic Error Detection Model

Error detection can be considered a component of
the full auto-correction pipeline (Fang et al., 2022;
Leng et al., 2023) and can be easily integrated into
various ML models as an additional feature. To
assess its impact, we examine the effect of incor-
porating a simple error detection signal into our

6Additional details on the choice of n are given in ap-
pendix C.3

7We chose Mistral due to its open-source availability and,
in our preliminary experiments with random subset samples,
performed better than LLaMA-8B-instruct.

production-level model.
The ASR Error Detection (AED) model is

trained similarly to the AEC model but differs in its
output. Instead of generating a corrected transcript,
the AED model produces a binary classification:
True if the first of the n alternatives is noisy and
False otherwise. To adapt the AEC training data
for this task, we label an instance as True if the
best alternative differs from the pseudo-corrected
transcript and False otherwise.

7 Results

7.1 Evaluation Setting

The goal of both Direct Extraction and Direct Ver-
ification is to determine whether a given live-call
field value is correct. If the gold field value is the
same as the live-call value and the model predicts
it as correct, we consider that a correct prediction.
Since our primary focus is on ‘auto-approval’, we
evaluate results specifically for that class.

Given the dataset’s high imbalance, we report
precision, recall, and F1 scores. For Direct Extrac-
tion, we also measure exact match and normalized
edit distance. The baseline in both evaluation set-
tings is the model that is just provided the best ASR
transcript, without any error correction 8.

8We measure the efficacy of the error correction model
by evaluating directly on the downstream task of benefit ver-
ification as opposed to intrinsic evaluation metrics such as
ROUGE, since we do not have gold corrected transcripts.
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Field Value Precision↑ Recall↑ F1↑ Accuracy↑ NED↓

Gemini

Agent Name 0.9756 0.4568 0.6223 0.4403 0.2263
Reference Number 0.9791 0.2958 0.4544 0.2785 0.4083
Group Number 0.9942 0.3508 0.5186 0.3475 0.2673
Average 0.9830 0.3746 0.5318 0.3554 0.3006

Gemini + AEC

Agent Name 0.9776 0.4772 0.6413 0.4594 0.2187
Reference Number 0.9787 0.3574 0.5236 0.3383 0.3822
Group Number 0.9916 0.4262 0.5961 0.4248 0.2292
Average 0.9823 0.4203 0.5870 0.4075 0.2767

Table 4: Performance metrics in the Direct Extraction setting. ‘Gemini’ is the baseline that only gets the best ASR transcript
while ‘Gemini+AEC’ gets the corrected transcript as input. NED: Normalized Edit Distance

7.2 Base Models

For off-the-shelf LLMs, we report results on
GPT (Brown et al., 2020; Achiam et al., 2023)
and Gemini (Team et al., 2023) models with noisy
ASR transcripts as baseline and after performing er-
ror correction. The detailed prompts can be found
in Appendix D. We also integrate the AEC model
into the auto-review model used in a feature-based
model architecture. We use XGBoost model ar-
chitecture so we can leverage all of the statisti-
cal and historical features9 and LLM models (e.g.,
field value extractions using LLMs) as features for
making final auto-approval decisions. We do not
compare against other specialized error correction
models, as they either focus on grammatical error
correction (Li and Wang, 2024; Ma et al., 2023) or
rely on specialized knowledge graphs (Saebi et al.,
2021) or manual annotations.

7.3 Analysis

Our goal is to assess the impact of ASR error cor-
rection on the overall performance of the Auto
Review pipeline. Ultimately, the choice of model
depends on the specific use case and the acceptable
trade-off between precision and recall.

Direct Verification Table 3 presents the results
for direct verification. We first examine the XG-
Boost model within the feature-based pipeline.
Adding a simple binary feature for AED (indi-
cating whether the transcript is noisy) improves

9Features include textual features extracted from live-call
field values (e.g., regular expression patterns for expected
formats for each field), call STT transcripts and statistical and
historical features extracted from benefit verification client
and call recipient insurance company.

performance for two out of three fields. Further
incorporating corrected transcripts, the ‘XGBoost
+ AED + AEC’ model significantly enhances the
F1 score for ‘Agent Name’ (0.7824→0.8428) and
achieves the best performance on ‘Reference Num-
ber’ (0.9088→0.9208). The ‘Gemini 1.5 + AEC’
model improves precision across all fields but at
the cost of reduced recall. In contrast, ‘GPT 3.5
+ AEC’ enhances overall performance across all
fields, except for a slight recall drop in ‘Agent
Name’. Notably, it achieves the highest accuracy
for ‘Group Number’. Fine-tuned GPT model with
AEC obtained the highest F1 score on all fields by
improving the recall substantially but resulted in
a lower precision. Compared to LLMs, XGBoost
models achieve higher precision but lower recall.
This is due to their reliance on specialized regular
expressions for field formats 10 as well as historical
and statistical features. However, these constraints
limit their generalization to diverse cases.

Direct Extraction Unlike the direct verification
approach, the AEC model does not receive the live-
call extracted field value as input. Instead, it ex-
tracts the field value directly from the ASR tran-
script. This extracted value is then compared to the
live-call field values as an additional validation step.
If both values match, the system auto-approves the
result; otherwise, it requests a second human re-
view. As shown in Table 5, this method results in
lower recall, as the model often fails to approve
correct values due to variations in ASR outputs.
For instance, as illustrated in Figure 1, the direct
verification model may approve the live-call group

10e.g., predefined patterns for group numbers, reference
numbers, and agent name capitalization
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number despite minor errors in the transcript (e.g.,
ignoring an incorrect ‘8’). In contrast, the direct ex-
traction model may output alternative values such
as ‘8D0156’ or ‘AD0156’, increasing susceptibility
to ASR errors. However, this approach achieves
significantly higher precision. After applying ASR
error correction, precision remains stable across all
fields, while recall improves substantially, yield-
ing an average F1 score improvement of 5.5%.
While failing to auto-approve correct values is un-
desirable, it is preferable to approving incorrect
extractions and passing them to customers.

A hybrid model combining both settings could
be implemented in production. Direct verification
would be applied to less critical fields 11, leading
to a higher overall F1 score and saving time on
review. Direct extraction would be reserved for
critical fields, approving them under a more strin-
gent setting.

8 Conclusion

We introduced Auto Review, a two-stage pipeline
that enhances information extraction from health-
care phone calls. Our approach reduces human ver-
ification while maintaining high accuracy. The sec-
ond stage involves an ASR error correction frame-
work, leveraging n-best ASR alternatives to gener-
ate pseudo-labels for training an error correction
model. This framework is adaptable across do-
mains, provided some past manually reviewed data
is available. Results show that ASR error correc-
tion improves precision and recall across key fields,
with Direct Verification offering higher recall and
Direct Extraction achieving higher precision.

The results reported in this paper reflect the iso-
lated performance of a model component within
a larger production system. In real-world deploy-
ment, additional pipeline components—including
human-in-the-loop mechanisms and cross-field
verification models—contribute to significantly
higher precision. This underscores the comple-
mentary role of system-level engineering in achiev-
ing production-grade performance alongside core
model development.

9 Ethical Statement

All experiments described in this paper were con-
ducted in compliance with applicable privacy and

11Critical fields are those where incorrect values can have a
significant negative impact on customers.

data protection regulations. Specifically, interac-
tions with third-party models, including OpenAI’s
GPT-3.5 Turbo and Google’s Gemini, were gov-
erned by appropriate Business Associate Agree-
ments (BAAs) if required under the Health Insur-
ance Portability and Accountability Act (HIPAA).
These controls were designed to ensure that no
Protected Health Information (PHI) was exposed
to external service providers for training or other
purposes beyond our immediate use case, and that
at no point was PHI stored in third-party compa-
nies or used to improve or fine-tune the third-party
models themselves.

For model inferences in our main experiments
with GPT-3.5 Turbo and Gemini 1.5 Pro APIs, the
total estimated cost was $303, based on publicly
available pricing at the time of experimentation.
This included approximately $260 for Gemini 1.5
Pro with audio input, $20 for Gemini 1.5 Pro with
text input, and $23 for GPT-3.5 Turbo (16k context)
with text input.
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A Training Description

For the AEC model, we use Mistral-7B-Instruct-
v0.3, which was trained with a batch size of 16,
gradient accumulation step set to 2 using 1 A100
GPU. Training took 9 hours. In all our AEC ex-
periments, the number of alternatives, n, is fixed to
10. LoRA (Hu et al., 2022) is used for parameter-
efficient training using the LLaMA-Factory li-
brary (Zheng et al., 2024). We use the Gemini
1.5 model to generate the pseudo-labels. Google
STT model is used as the base STT model for all
ASR transcripts12.

B Relevant Utterance Isolation

Algorithm 2 presents the algorithm to isolate only
those utterances from the call transcripts that are
highly likely to contain the field value information
we want to extract. It starts collecting agent utter-
ances after the conversational AI model asks for
information regarding that field, those trigger ques-
tions are pre-defined and passed to the algorithm in
field_triggers.

Algorithm 2 Extract Utterances for Fields of Inter-
est
Require: call_transcript (list of tuples with

speaker and utterance), field_triggers (list of
trigger utterances)

1: Initialize an empty list agent_responses
2: Set collect_responses← false
3: for each (speaker, utterance) in

call_transcript do
4: if not collect_responses and utterance

contains any phrase in field_triggers
then

5: collect_responses← true
6: else if collect_responses then
7: if speaker = Agent then
8: Append utterance to

agent_responses
9: else if speaker = AI Model then

10: collect_responses← false
11: end if
12: end if
13: end for
14: return agent_responses

Field Value Precision Recall F1

Gemini with Audio

Agent Name 0.9838 0.1205 0.2148
Reference Number 0.9816 0.3875 0.5556
Group Number 0.9965 0.4323 0.6030

XGBoost Model

Agent Name 0.9570 0.6617 0.7824
Reference Number 0.9636 0.8598 0.9088
Group Number 0.9749 0.8969 0.9343

Table 5: Performance metrics for Agent Name, Reference
Number, and Group Number in the Direct Extraction setting
using Gemini with audio input. The audio-based model suffers
from very low recall.

C Preliminary Experiments

C.1 Experiments with Gemini using Audio
Input

For our preliminary analysis, we experimented with
off-the-shelf multimodal LLM (Gemini 1.5) with
the same prompt we used for ASR text transcript
direct extraction (Table 11, Table 12) except for

12In preliminary experiments, we found fine-tuning ASR
helped improving the general performance metric such as
word error rate (WER) but observed the similar issues espe-
cially from unseen field values. See more details in C.2
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Figure 4: The ROC curves for the three field types when using different numbers of transcript alternatives as input. The Gemini
model is provided the transcript to extract the field value, which is then compared with the gold field value. Providing multiple
alternatives improves performance.

the instruction which tells to use the attached audio
instead of the text providing the call audio record-
ing. Gemini obtained high precision overall, but
its recall is too low to effectively reduce human
review time in industry settings with a large num-
ber of concurrent phone calls. When we analyzed
false positive auto-approved samples, it made simi-
lar mistakes with ASR models incorrectly adding
0 or missing a few digits for long alphanumeric
field values or misspelling rare agent names with
more common names. Thus, we designed ASR
error detection and correction models focusing on
the field values of the data types that are highly
vulnerable to such errors and cannot be resolved by
off-the-shelf LLMs or other feature-based models.

C.2 Experiments with ASR systems

We conducted preliminary experiments using
Google STT and Whisper (Whisper Large V313) to
choose the most suitable ASR system for our field
value output extraction tasks. Although Google
STT obtained a higher performance than Whisper,
it was not available for fine-tuning so we fine-tuned
Whisper model using the subset of our full data to
explore the best ASR system options (785 outputs
for training set, 390 outputs for validation set and
510 outputs for test set). We found that our fine-
tuned Whisper model improved the general evalu-
ation metrics but we still observed similar issues
with mistranscripts with digits or letters missing for
long sequence outputs; especially with the patterns
which did not exist in training set (see more details
in Table 6). Thus, collecting ground truth labels
for all such cases required a large human labeling

13https://huggingface.co/openai/
whisper-large-v3

effort and it was not scalable for our task with real
world data so we chose off-the-shelf Google STT
for our main experiments.

ASR System Word Error Rates Norm. Edit

Google STT 0.602 0.430

Whisper 0.757 0.485

FT Whisper 0.349 0.216

Table 6: Performance metrics for ASR systems on task output
transcription. FT Whisper: fine-tuned Whisper, Norm. Edit:
normalized edit distance (edit distance between the transcript
and the ground truth divided by the maximum value among
the lengths of the two).

Figure 5: F1 scores for LLM performance across the three
field types, based on correctly extracting field values from
transcripts. The input transcript to the LLM includes multiple
ASR alternatives. A significant performance improvement is
observed when incorporating multiple alternatives instead of
relying solely on the best one.

C.3 Number of ASR Alternatives

We conducted experiments to assess the impact of
using multiple ASR alternatives on field value ex-
traction. Using a subset of 200 calls, we measured
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LLM performance in extracting three key fields.
Specifically, we prompted Gemini to extract field
values from transcripts while varying the number
of ASR alternatives, with n = 1 corresponding
to using only the best transcript. The prompts for
these experiments follow the Direct Extraction ap-
proach and are detailed in Table 12 and Table 11.
As shown in Figure 5 and Figure 4, incorporating
multiple ASR alternatives significantly improves
performance across all field values. Since the op-
timal value of n varies by field type and we want
to train a single cohesive AEC model, we chose
n = 10 in all our experiments.

D Model Prompts

The prompts used for all the experiments are given
below. The in-context examples used in the exper-
iments have been removed because they contain
sensitive patient information.
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<INSTRUCTIONS> You are “{our conversational AI model name}”, a digital assistant calling a healthcare insurance
company to get benefits information for a member. Given the STT transcript of phone conversations between you and the
health insurance company agent, check if all of your answers to the given questions are correct. Please respond using
“correct” or “incorrect”, checking whether all the answers to the questions in the call are correct or not, and provide your
reasoning in JSON format. Here are example cases for each answer:
1. “correct”: select this option only if all the answers are correct based on the call transcript.
2. “incorrect”: select this option if you see any of the answers to the questions is incorrect.
Below are sample responses and reasons:
Reason: Among 4 questions asked, the answer to the second question should have been “True”. // Your response:
{“response”: “incorrect”}
Reason: All of the answers to the given 5 questions are correct. // Your response: {“response”: “correct”}
Reason: There was one question and the agent could not provide the answer and the answer was “agent did not provide this
information”. // Your response: {“response”: “correct”} </INSTRUCTIONS>

<TARGET_QUESTION_GUIDELINES> Some additional guidelines for specific questions with examples for the
questions of “agentName”, “referenceNumber”, and “groupNumber”:
1. Note if the agent spells it out or uses nato alphabet. For example, if the agent says “c as in Charlie 2 n as in Nancy 3 c as in
Tango G is in gold”, you should collect “C2N3TG”. With STT mistranscriptions, you should follow the nato alphabet over
the spelling.
2. Unless there is a word or name used, capitalize all letters and remove any spaces. For example, if the agent says “group
number is 123 456 789”, you should collect “1234567890”.
3. There might be speech to text transcription errors (e.g. “8” instead of "H" or “for” instead of “4”) For example, they might
say “C like Tango” and in this case you should get the spelling to include T, not C.
</TARGET_QUESTION_GUIDELINES>

<TARGET_QUESTION_EXAMPLES> [reason // questions // your response]
- Reason: “the agent spelled out their name as Jane and said C like Tango” Question: “Question 1: agentName? Answer:
’Jane T”’ // Your response: {{“response”: “correct”}} Reason: “the agent gave their name as Jane and said his last name
initial is O as in Oscar and said there were no reference numbers” // Question: "Question 1: agentName? Answer: ’Jane O’.
Question 2: referenceNumber? Answer: ’Jane O 06242024’" // Your response: {{“response”: “correct”}}
- Reason: “the agent said t i a b for boy so likely the last name initial is B so the first name is Tia” // Question “agentName”:
“Tia B”, “referenceNumber”: “12345”}}
- Reason: “the agent said d a r a for alpha my initial so likely A is their last name initial so the first name is Dar” // Question:
"Question 1: agentName? ’Dar A”’ // Your response: {{“response”: “correct”}}
- Reason: "the agent said their name was j a qu a i d i a last initial K so their name is Jaquaidia K and they said the reference
number was their name and the date" // Question: "Question 1: agentName? ’Jaquaidia K’. Question 2: referenceNumber?
’Jaquaidia K 06012024’// Your response: "response": "correct"
- Reason: "the agent said their name was Jasmine but spelled it out as J A S M I N so with that spelling their name must be
Jasmin" // Question: "Question 1: agentName? ’Jasmine’" // Your response: {{“response”: “incorrect”}} - Reason: “the
agent said their name was Sam but spelled it out as s a m y r so with that spelling their name must be Samyr” // Question:
“Question 1: agentName? ’Samyr”’ // Your response: {{“response”: “correct"}}
- Reason: “the agent spelled their name as ’p as in paul n as in nancy o t t r i c last initial is d’ so their name is Pnottric D and
gave no reference number" // Question: “Question 1: agentName? ’Pnottric D’. Question 2: referenceNumber? ’Pnottric D
06012024”’ // Your response: {{“response”: “correct”}}
</TARGET_QUESTION_EXAMPLES>
Below is the STT transcript of the call.
[transcript]

Answer if all of the following questions and answer pairs are correct in the JSON format as in the example in the instruction
[question_answer_pairs]

Table 7: Direct Verification prompt used for all fields.
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</INSTRUCTIONS> You are a capable annotator who can identify and correct issues in STT transcript. You will be given
alternative STT transcripts and corresponding extracted name. Pick the best alternative that most correctly corresponds to the
given extracted name. The best alternative is defined as: The alternative transcript from which we should be able to extract
the name that matches the given extracted name. If there are multiple names present, usually we only care about the last
name. Ignore the name “{our conversational AI model name}” if it is present in the transcript. The alternative transcripts are
separated by “#”. Give the output in json format of {{“Output”: best_transcript}}
</INSTRUCTION>
<EXAMPLES>
Here are some examples of the STT transcripts along with the extracted value and the outputs separated by “//” (i.e., STT
transcripts, extracted name // your output):
[Examples]
</EXAMPLES>
Now provide your answer from the following STT transcripts and extracted value:
[Input]

Table 8: Pseudo-label generation prompt for selecting the best alternative.

<INSTRUCTIONS> You are a capable annotator who can identify and correct issues in STT transcript. You will be given
STT transcript and corresponding extracted value. If the transcript is correct, you will simply return the transcript and if the
transcript is wrong compared to the correctly extracted value, you need to correct the transcript appropriately. Pay special
attention to the number of zeros in the extracted value and compare with the noisy transcript. Do not capitalize letters in the
transcript if they are not originally capitalized, even if the extracted value has capitalized letters. Give the output in json
format of {{“Output”: corrected_transcript}}
</INSTRUCTIONS>
<EXAMPLES> Here are some examples of the STT transcript along with the extracted value and the outputs separated by
“//” (i.e., STT transcript, extracted value // your output):
[Examples]
</EXAMPLES>
Now provide your answer from the following STT transcript and extracted value: [Input]

Table 9: Pseudo-label generation prompt for error correction.

<PROMPT>You are a capable annotator who can identify and correct issues in ASR transcript. You will be given a list of
noisy ASR outputs, separated by “#”. Output the best possible ASR alternative. In some cases, the correct output will be one
of the provided alternatives, in other cases you will have to identify patterns across the alternatives and output a cohesive
correct transcript.
</PROMPT>
[Input]

Table 10: Automatic error correction model prompt.

<INSTRUCTIONS>Given a transcript, extract the underlying group number value. Give the output in json format of
{{“Output”: extracted value}}
</INSTRUCTIONS>
<EXAMPLES> Here are some examples of the transcript along with the extracted output separated by “//” (i.e., text // your
output):
[Examples]
</EXAMPLES>
Now provide your answer from the following text:
[Input]

Table 11: Direct extraction prompt for Group Number.

<INSTRUCTIONS> Given a transcript, extract the underlying name. Ignore “{our conversational AI model name}” if it
appears in the transcript. If there are multiple names, extract the last one. Capitalize the first name initial and last name initial.
Give the output in json format of {{“Output”: extracted value}}
</INSTRUCTIONS>
<EXAMPLES> Here are some examples of the transcript along with the extracted output separated by “//” (i.e., text // your
output):
[Examples]
</EXAMPLES>
Now provide your answer from the following text:
[Input]

Table 12: Direct Extraction prompt for Agent Name and Reference Number.
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<INSTRUCTIONS> You are “{our conversational AI model name}”, a digital assistant calling a healthcare insurance
company to get benefits information for a member. Given the STT transcript of phone conversations between you and the
health insurance company agent, check if all of your answers to the given questions are correct. Please respond using
“correct” or “incorrect”, checking whether all the answers to the questions in the call are correct or not, and provide your
reasoning in JSON format. Here are example cases for each answer:
1. “correct”: select this option only if all the answers are correct based on the call transcript.
2. “incorrect”: select this option if you see any of the answers to the questions is incorrect.
Below are sample responses and reasons:
Reason: Among 4 questions asked, the answer to the second question should have been “True”. // Your response:
{“response”: “incorrect”}
Reason: All of the answers to the given 5 questions are correct. // Your response: {“response”: “correct”}
Reason: There was one question and the agent could not provide the answer and the answer was “agent did not provide this
information”. // Your response: {“response”: “correct”} </INSTRUCTIONS>

<TARGET_QUESTION_GUIDELINES> Some additional guidelines for specific questions with examples for the
questions of “agentName”, “referenceNumber”, and “groupNumber”:
1. Note if the agent spells it out or uses nato alphabet. For example, if the agent says “c as in Charlie 2 n as in Nancy 3 c as in
Tango G is in gold”, you should collect “C2N3TG”. With STT mistranscriptions, you should follow the nato alphabet over
the spelling.
2. Unless there is a word or name used, capitalize all letters and remove any spaces. For example, if the agent says “group
number is 123 456 789”, you should collect “1234567890”.
3. There might be speech to text transcription errors (e.g. “8” instead of "H" or “for” instead of “4”) For example, they might
say “C like Tango” and in this case you should get the spelling to include T, not C.
</TARGET_QUESTION_GUIDELINES>

<TARGET_QUESTION_EXAMPLES> [reason // questions // your response]
- Reason: “the agent spelled out their name as Jane and said C like Tango” Question: “Question 1: agentName? Answer:
’Jane T”’ // Your response: {{“response”: “correct”}} Reason: “the agent gave their name as Jane and said his last name
initial is O as in Oscar and said there were no reference numbers” // Question: "Question 1: agentName? Answer: ’Jane O’.
Question 2: referenceNumber? Answer: ’Jane O 05012024’" // Your response: {{“response”: “correct”}}
- Reason: “the agent said t i a b for boy so likely the last name initial is B so the first name is Tia” // Question “agentName”:
“Tia B”, “referenceNumber”: “12345”}}
- Reason: “the agent said d a r a for alpha my initial so likely A is their last name initial so the first name is Dar” // Question:
"Question 1: agentName? ’Dar A”’ // Your response: {{“response”: “correct”}}
- Reason: "the agent said their name was j a qu a i d i a last initial J so their name is Jaquaidia K and they said the reference
number was their name and the date" // Question: "Question 1: agentName? ’Jaquaidia K’. Question 2: referenceNumber?
’Jaquaidia K 06012024’// Your response: "response": "correct"
- Reason: "the agent said their name was Jasmine but spelled it out as J A S M I N so with that spelling their name must be
Jasmin" // Question: "Question 1: agentName? ’Jasmine’" // Your response: {{“response”: “incorrect”}} - Reason: “the
agent said their name was Sam but spelled it out as s a m y r so with that spelling their name must be Samyr” // Question:
“Question 1: agentName? ’Samyr”’ // Your response: {{“response”: “correct"}}
- Reason: “the agent spelled their name as ’p as in paul n as in nancy o t t r i c last initial is g’ so their name is Pnottric G and
gave no reference number" // Question: “Question 1: agentName? ’Pnottric G’. Question 2: referenceNumber? ’Pnottric G
06012024”’ // Your response: {{“response”: “correct”}}
</TARGET_QUESTION_EXAMPLES>
Below is the STT transcript of the call.
[transcript]

Answer if all of the following questions and answer pairs are correct in the JSON format as in the example in the instruction
[question_answer_pairs]

Table 13: Direct Verification prompt used for all fields.
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