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Abstract

Automated classification of complex social survey question-
naires is crucial for large-scale social science research but
faces significant reliability challenges due to intricate hierar-
chical label structures, severe class imbalance, semantic am-
biguity, and incomplete data coverage. Conventional classifi-
cation methods often struggle with these combined complex-
ities, yielding results that lack trustworthiness. We introduce
HOCM, a framework designed for trustworthy classification
in complex, real-world taxonomies. It features two syner-
gistic components: (1) memory-enhanced contrastive learn-
ing, tailored to learn robust representations from noisy, im-
balanced data by leveraging quality-aware category memory
banks; and (2) hierarchical uncertainty calibration, which en-
forces taxonomic consistency while providing reliable confi-
dence estimates and identifying inputs falling outside well-
represented known categories. Our evaluation on a large-
scale, real-world social survey dataset—a challenging exem-
plar of our target problem class—demonstrates that HOCM
maintains strong accuracy on known classes while effectively
identifying uncertain cases, significantly boosting accuracy
on confident predictions. Furthermore, it adeptly detects low-
resource/unknown categories. HOCM provides a more reli-
able automated classification tool, enabling efficient expert
review and enhancing the trustworthiness of analysis in do-
mains with complex, hierarchical data.

Introduction
Timely and effective social policy relies on analyzing data
from diverse sources, such as longitudinal population sur-
veys (LPS) and national censuses. A fundamental challenge
for researchers and data archives (e.g., the Consortium of
European Social Science Archives, CESSDA) is harmoniz-
ing this data, which requires mapping thousands of survey
questions to standardized classification taxonomies. This
process of creating structured metadata is essential for data
discoverability and reuse, yet it is traditionally a manual,
slow, and expensive endeavor that struggles to keep pace
with the volume of new data.
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Automating this classification is therefore a critical step
towards enhancing the scalability and rigor of computational
social science. However, real-world survey data presents a
suite of concurrent challenges that render standard classifi-
cation models unreliable. These challenges, which motivate
our work, include:

• Complex Hierarchy and Severe Class Imbalance: So-
cial science research employs fine-grained, multi-level
classification ontologies. Data distribution across these
categories is typically highly imbalanced, with many spe-
cific sub-categories being severely under-represented.

• Semantic Ambiguity and Category Overlap: Ques-
tionnaire items frequently span multiple thematic cat-
egories (e.g., work-related stress affecting sleep inter-
sects both Employment and Health), necessitating reli-
able confidence estimates.

• Incomplete Data Coverage and Openness: Real-world
annotation seldom achieves exhaustive coverage, creat-
ing an open-set problem where models must handle both
under-represented knowns and truly out-of-scope con-
tent.

Traditional text classification models falter when con-
fronted with these combined challenges. Many are designed
for flat label spaces, struggle with imbalance, and lack mech-
anisms to identify inputs outside their knowledge bound-
ary. While motivated by social survey analysis, these chal-
lenges represent a general class of hierarchical classification
problems characterized by severe imbalance, semantic am-
biguity, and open-set dynamics—applicable across domains
from bioinformatics to product taxonomy management.

To address these broadly relevant challenges, we pro-
pose HOCM (Hierarchical Open-set Classification with
Memory-enhanced learning), a framework designed to pro-
vide trustworthy classification through two synergistic com-
ponents (Figure 1). Our main contributions are:

• A unified framework designed to synergistically address
the concurrent challenges of hierarchical structure, se-
vere data imbalance, and open-set dynamics in a single,
integrated model.
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• A quality-aware memory-contrastive learning approach
with novel prototype management mechanisms. Its core
innovation lies in combating representation instability
caused by noisy and low-resource classes, a critical prob-
lem that standard contrastive methods often fail to ad-
dress.

• A taxonomy-aware uncertainty calibration method that
uniquely applies tail distribution modeling at every node
in the hierarchy and enforces structural consistency
through recursive normalization, providing more reliable
outlier detection than flat or non-hierarchical approaches.

We perform extensive empirical validation on a complex,
real-world dataset, demonstrating HOCM’s ability to im-
prove classification reliability and effectively guide expert
review.

Related Work
Hierarchical Text Classification
HTC methods leverage label hierarchies, with early work
including Hierarchical Attention Networks (Yang et al.
2016). Subsequent research improved hierarchical predic-
tions through hierarchical constraints, label imbalance tech-
niques like batch calibration (Zhou et al. 2023), and con-
trastive learning (Zheng, Chen, and Huang 2020). However,
many HTC methods focus primarily on closed-set accuracy
without addressing robust uncertainty estimation or explicit
open-set rejection—both critical for real-world deployment
on noisy survey data.

Open-Set Recognition and Uncertainty
Quantification
OSR addresses classifying known categories while reject-
ing unknown ones. Foundational approaches include Open-
Max (Bendale and Boult 2016) using Extreme Value Theory,
dedicated detectors (Shu, Xu, and Liu 2017), distance-based
methods (Zhou, Liu, and Qiu 2022), adversarial training
(Chen et al. 2024), and baselines like MSP (Hendrycks and
Gimpel 2022) enhanced with ODIN (Liang, Li, and Srikant
2018). Recent work focuses on calibration and representa-
tion learning for OSR/OOD detection (Wei et al. 2022; Ming
et al. 2022; Dai et al. 2023).

Most text OSR methods target flat classification without
exploiting hierarchical structures. They assume clean, bal-
anced data, potentially struggling with severe imbalance and
semantic ambiguity in survey data.

Uncertainty quantification ensures model confidence
aligns with correctness (Guo et al. 2017). While Bayesian
networks (Novello, Dalmau, and Andeol 2024) and confor-
mal prediction (Kaur et al. 2022) offer principled frame-
works, integrating reliable uncertainty estimates within hi-
erarchical open-set text classification remains challenging.

We note that alternative frameworks for uncertainty quan-
tification, such as Conformal Prediction (CP), offer formal
statistical guarantees on prediction sets. While powerful, ap-
plying CP effectively to deep hierarchical classification set-
tings with severe class imbalance and open-set assumptions
presents significant practical and methodological challenges

that are an active area of research. Our approach, by adapting
tail distribution modeling to the hierarchy, provides a prag-
matic and effective empirical solution tailored to our specific
problem context, as demonstrated by the strong performance
gains in our reliability-aware evaluation.

Memory Mechanisms in NLP
Memory mechanisms range from early memory networks
(Weston, Chopra, and Bordes 2014; Sukhbaatar et al. 2015)
to recent retrieval augmentation (Liu et al. 2024) and dy-
namic generation (Jain et al. 2024).

HOCM’s memory differs significantly—it maintains sta-
ble, high-quality prototypes through selective storage and
aggregation. Quality-aware filtering (using interquartile
range) and reliability-guided sampling mitigate class imbal-
ance and noisy data effects, fostering robust and discrimina-
tive features for both closed-set classification and open-set
detection.

Positioning HOCM
While previous works address HTC, OSR, UQ, or memory
mechanisms separately, HOCM’s novelty lies in the syner-
gistic integration and problem-specific adaptation of these
components to holistically address the concurrent challenges
of survey classification. Specifically: (1) Our Quality-Aware
Memory Management (with IQR filtering and reliability-
guided sampling) is uniquely designed to build stable class
prototypes from the noisy and imbalanced data characteristic
of surveys, a critical issue unaddressed by standard methods.
(2) Our Hierarchical Uncertainty Calibration significantly
extends flat open-set methods (like OpenMax) by modeling
and propagating uncertainty estimates through the entire la-
bel hierarchy with recursive normalization. This is a crucial
step for providing coherent and granular outlier detection in
a taxonomic structure, and our ablation study shows it sub-
stantially outperforms a flat approach.

Methodology
We introduce HOCM, a framework designed for reliable hi-
erarchical open-set classification. It integrates two core com-
ponents: (1) memory-enhanced contrastive learning for ro-
bust representation, and (2) hierarchical uncertainty calibra-
tion for trustworthy prediction. The entire process is sum-
marized in Algorithm 1.

The framework begins by using a pre-trained encoder
(e.g., BERT) to obtain an initial embedding z for an input
text x. This embedding is then refined through our proposed
modules.

Memory-Enhanced Contrastive Learning
We introduce HOCM, a framework designed for reliable
hierarchical open-set classification. It synergistically inte-
grates two novel components: memory-enhanced contrastive
learning and hierarchical uncertainty calibration. The over-
all process is depicted in Figure 1 and summarized in Algo-
rithm 1.
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Figure 1: Overview of our proposed framework, HOCM. A pre-trained language model extracts initial features. These are
refined by the Memory-Enhanced Contrastive Learning module, which uses quality-aware memory banks and adaptive
sampling to learn robust category representations, especially under data imbalance. The subsequent Hierarchical Uncertainty
Calibration module computes uncertainty scores based on distance to prototypes at all levels of the known hierarchy using tail
distribution modeling (e.g., Weibull fitting). It then combines these scores and enforces hierarchical consistency via recursive
normalization to produce reliable closed-set predictions and effectively detect open-set inputs (under-represented knowns and
true unknowns), flagging uncertain cases for review.

Memory-Enhanced Contrastive Learning To directly
tackle the representation instability caused by severe class
imbalance and noisy data, this module learns robust features
using category-specific memory banks. For each known
class c ∈ Cknown, we maintain a memory bank Mc that
stores high-quality instance embeddings.

Quality-Aware Memory Management Instead of
naively storing all sample embeddings, we employ a
dynamic management strategy. A composite quality
score—assessing semantic similarity, statistical typicality
(via Mahalanobis distance), and recency—guides the
inclusion of new embeddings. An Interquartile Range (IQR)
based filter on similarity scores further prunes low-quality
outliers. This ensures the stability of the category prototype
pc, which is computed as a quality-weighted average of the
embeddings in Mc.

Reliability-Guided Contrastive Learning These robust
prototypes are integrated into a supervised contrastive
learning objective (InfoNCE). Our sampling strategy is
reliability-guided: for classes with mature prototypes (de-
termined by a reliability score based on memory size and
variance), we use the prototype pc as the positive sam-
ple, providing a stable learning target. For negative sam-
pling, we strategically select prototypes of ”sibling” cate-
gories (those sharing the same immediate parent), forcing
the model to learn fine-grained distinctions crucial for navi-
gating the complex hierarchy.

Hierarchical Uncertainty Calibration
Building on these robust representations, this component
provides trustworthy predictions by explicitly modeling un-
certainty across the entire label hierarchy. This is essential
for identifying ambiguous or out-of-scope inputs.

Per-Node Tail Distribution Modeling Inspired by Open-
Max, we model the distribution of distances from correctly
classified training samples to their corresponding proto-
types. Critically, this is done for every node in the hierar-
chy (both leaf and internal) by fitting a separate Weibull tail
distribution to its distance distribution. This captures outlier
likelihood at multiple levels of granularity.

Recursive Normalization and Open-Set Estimation
During inference, for a new input embedding z, we calculate
its distance to every prototype pc and use the corresponding
Weibull model to estimate its outlier probability wc. The ini-
tial activation scores sc are then revised to:

s′c = sc · (1− wc)

These revised scores are propagated through the hierarchy
via a recursive normalization process, which enforces the
structural constraint that a parent’s probability must equal
the sum of its children’s probabilities. The final probability
of the input being ”unknown,” Punknown(x), is the residual
probability mass not assigned to any known class after this
structurally consistent normalization. A prediction is flagged
as ”uncertain” if Punknown(x) or the confidence in the top
prediction falls below pre-defined thresholds, guiding expert
review.
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Algorithm 1: HOCM: Training and Inference

1: Input: Training set D, label hierarchyH, input text x
2: Initialize: Encoder fθ, Memory Banks {Mc}c∈Cknown

Training Phase (for each batch):
3: for each sample (xi, yi) in batch do
4: zi ← fθ(xi)
5: Update memory bank Myi

with zi using quality-
aware filtering (IQR-based)

6: Update prototype pyi
from Myi

7: Assess prototype reliability Ryi

8: Select positive sample xp (prototype pyi if Ryi is
high, else in-batch)

9: Select hard negative samples xn (sibling prototypes)
10: Compute contrastive loss LInfoNCE and update fθ
11: end for
12: After Training:
13: for each node c ∈ Cknown in hierarchyH do
14: Compute distances of training samples to prototype

pc

15: Fit Weibull tail distribution Wc to the distances
16: end for

Inference Phase (for a new input x):
17: z ← fθ(x)
18: Get initial activation scores {sc} from classifier head
19: for each node c ∈ Cknown do
20: d(z,pc)← distance from z to prototype pc

21: wc ← outlier probability from Wc(d(z,pc))
22: s′c ← sc · (1− wc)
23: end for
24: {Pfinal(c|x)} ← RecursiveNormalize({s′c},H)
25: Punknown(x)← 1−

∑
c∈Cleaves

Pfinal(c|x)
26: Return prediction or ”Uncertain” flag based on thresh-

olds

Experiments
Experimental Setup
Dataset. We evaluate HOCM on a real-world social sur-
vey questionnaire dataset, reflecting the complexities en-
countered in practical social science research. As sum-
marized in Table 1, the dataset comprises 35,168 labeled
samples derived from various survey instruments. We split
the data into training (20,564), validation (6,862), and test
(6,860) sets, focusing on 76 high-resource categories (de-
fined as having ≥50 training samples) for standard super-
vised learning and evaluation.

To rigorously assess open-set recognition capabilities, we
utilize an additional external test set containing 882 samples
belonging to 21 low-resource categories (those with < 50
training samples). These low-resource categories were com-
pletely held out during the training phase and serve as our
proxy for unknowns, encompassing both genuinely out-of-
scope topics and known concepts with insufficient represen-
tation in the training data. Detailed per-category statistics are
available in the Supplementary Materials.

Dataset Characteristics. The dataset exhibits properties
typical of large-scale social surveys:

• Significant Class Imbalance: Sample counts per cate-
gory vary drastically (ranging from 2 to 2,668 across the
full dataset), presenting a challenge for standard classi-
fiers.

• Complex Hierarchy: The label ontology is deeply hierar-
chical, featuring 16 top-level categories (e.g., Education,
Health, Employment) branching into 120 fine-grained sub-
categories (e.g., Primary Schooling, Higher Education,
Mental Health Services Use within their respective par-
ents). This reflects the multi-faceted nature of social phe-
nomena.

• Rich Contextual Input: Each sample is constructed by
concatenating the questionnaire title, the full question text,
and all available response options (if any), providing rich
textual context for classification. For example:

My Five-Year-Old Son/Daughter: How many real
meals does your child have per day? [Category:
Health Behaviour]

The defined parent-child relationships within the hierarchy
are strictly maintained for evaluation purposes. The low-
resource categories, deliberately excluded from training,
constitute a realistic benchmark for evaluating the model’s
ability to handle inputs beyond its well-represented training
knowledge.

Split Samples Categories Avg. Length Type
Training 20,564 76 165.6 HR
Validation 6,862 76 165.4 HR
Test (In-Dist.) 6,860 76 167.4 HR
Test (External) 882 21 182.4 LR

Table 1: Dataset Overview for Hierarchical Classification
and Open-Set Evaluation. High-resource categories (≥50
training samples) form the core training/test sets. Low-
resource categories (<50 training samples) form the exter-
nal open-set evaluation set. HR(High-resource), LR(Low-
resource).

Implementation Details. Our implementation builds
upon the YATO toolkit (Wang et al. 2023), extending its ca-
pabilities to include hierarchical classification structures and
incorporating our proposed memory-enhanced contrastive
learning module (Section ) and hierarchical uncertainty cal-
ibration (Section ).

Baselines and Evaluation Framework
We evaluate HOCM under three distinct scenarios reflecting
practical deployment needs:

Evaluation Scenarios and Metrics.
1. Closed-Set Classification: Assesses performance on the

76 known high-resource categories using the standard
test set (Test In-Dist.). Metrics: standard Accuracy (Acc),
Micro-F1 (Mi-F1) robust to imbalance, and Macro-F1
(Ma-F1) sensitive to minority class performance.

2. Reliability-Aware Classification: Evaluates HOCM’s
ability to identify and handle uncertainty on the standard
test set. Metrics:
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- Unreliability Rate (Unrel): Percentage of test samples
flagged as uncertain by HOCM (i.e., assigned low con-
fidence or high unknown probability based on thresh-
olds tuned on the validation set).

- Corrected Accuracy (Corr-Acc) / Corrected Macro-
F1 (Corr-Ma-F1): Performance metrics calculated
only on the subset of samples not flagged as uncertain.
These reflect the expected performance when uncertain
cases are routed for expert review, measuring the trust-
worthiness of high-confidence predictions.

3. Open-Set Detection: Measures the ability to identify
samples from the 21 unknown low-resource categories
(Test External) when presented alongside known samples
from Test In-Dist. Metrics:
- Manual Verification Rate (MVR): The proportion of

samples flagged by the system as ‘unknown’ or uncer-
tain that truly belong to one of the 21 low-resource cat-
egories. This application-centric metric measures the
precision of the flagging mechanism, indicating the ef-
ficiency of potential expert review efforts targeted at
novel or under-represented content.

- Macro-MVR: The category-averaged MVR across the
21 unknown classes, providing a balanced view of de-
tection performance for different types of unknown
content.

Metric Rationale. This suite of metrics provides a com-
prehensive assessment. Standard metrics evaluate core clas-
sification capability. Reliability-aware metrics (Unrel, Corr-
Acc, Corr-Ma-F1) directly quantify the system’s trustwor-
thiness and its ability to manage uncertainty effectively, cru-
cial for dependable application in social science. Open-set
metrics (MVR, Ma-MVR) measure the practical efficiency
of identifying novel or under-represented content, vital for
discovery and quality control.

Baseline Methods. We compare HOCM against represen-
tative methods:
• Traditional/Neural: TF-IDF feature extraction coupled

with XGBoost; a hybrid character-level CNN and word-
level BiLSTM model (CharCNN+BiLSTM) using GloVe
embeddings (Pennington, Socher, and Manning 2014),
similar to architectures like Yang and Zhang (2018).

• Pre-trained Language Models (PLMs): Standard fine-
tuning of widely adopted PLMs: BERT (Kenton and
Toutanova 2019), RoBERTa (Liu 2019), and DeBERTa
(He et al. 2020). We also include the efficient Phi-3.5-mini
(Abdin et al. 2024) fine-tuned with LoRA for parameter-
efficient adaptation.

• Open-Set Recognition (OSR) Methods: We implement
established OSR methods using a BERT backbone for fair
comparison: OpenMax (Bendale and Boult 2016), DOC
(Shu, Xu, and Liu 2017), and LOS (Chen et al. 2023).
These represent common approaches for handling un-
known inputs in classification.

These baselines cover standard practices and dedicated OSR
techniques relevant to our task, providing a robust bench-
mark for HOCM’s performance.

Main Results
We present the quantitative results across the three evalua-
tion scenarios. Tables 2, 3, and 4 summarize the key find-
ings.

Closed-Set Classification Performance. Table 2 presents
the performance on known categories. HOCM integrated
with PLMs (e.g., BERT+HOCM) achieves strong results
(84.9% Acc, 82.1% Ma-F1), slightly below the raw fine-
tuned BERT (85.3% Acc) but substantially outperform-
ing traditional methods and the base CharCNN+BiLSTM.
This minor difference is an expected trade-off. HOCM’s
memory-enhanced contrastive learning is explicitly de-
signed to prioritize robust and stable representations for re-
liable uncertainty estimation, rather than solely maximiz-
ing accuracy on the closed-set training distribution, which
can lead to overfitting on noisy instances. The significant
gains in reliability-aware performance (e.g., Corr-Acc ris-
ing to 92.1%) validate this design choice. Notably, HOCM
consistently improves over its non-PLM base model (Char-
CNN+BiLSTM+HOCM vs. CharCNN+BiLSTM), demon-
strating the benefits of its components.

Method Acc (%) Mi-F1 (%) Ma-F1 (%)

TF-IDF + XGBoost 76.2 75.0 74.5
CharCNN + BiLSTM 77.1 76.5 76.0

BERT 85.3 83.7 81.6
DeBERTa 83.9 82.3 81.1
RoBERTa 83.4 81.5 81.2
Phi-3.5-mini 83.9 82.0 81.5

CharCNN + BiLSTM + HOCM 80.7 79.1 78.5
BERT + HOCM 84.9 83.0 82.1
RoBERTa + HOCM 83.8 82.3 81.7
DeBERTa + HOCM 84.2 82.5 81.8

Table 2: Standard Classification Results on the 76 high-
resource known categories (Test In-Dist.).

Reliability-Aware Performance. Table 3 highlights
HOCM’s effectiveness in identifying uncertain predic-
tions. For example, BERT+HOCM flags 14.3% of the
in-distribution test samples as unreliable (Unrel). When
these flagged samples are set aside (simulating referral
for expert review), the accuracy on the remaining high-
confidence predictions (Corr-Acc) increases significantly
from 84.9% to 92.1%, with Corr-Ma-F1 similarly rising to
90.2%. This demonstrates that HOCM effectively separates
low-confidence predictions. When these flagged instances
are set aside, the accuracy on the remaining high-confidence
subset increases substantially (from 84.9% to 92.1%),
indicating that the uncertainty scores are a useful proxy for
identifying likely misclassifications. The consistent Unrel
rates across different PLM backbones (13.7%–15.3%)
indicate stable uncertainty estimation.

Open-Set Detection Performance. Table 4 evaluates the
detection of samples from the 21 unseen low-resource cat-
egories. HOCM achieves performance competitive with
or slightly exceeding dedicated OSR baselines (e.g.,
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Method Corr-Acc (%) Corr-Ma-F1 (%) Unrel (%)

BERT + HOCM 92.1 90.2 14.3
RoBERTa + HOCM 91.8 90.9 15.3
DeBERTa + HOCM 91.5 89.6 13.7

Table 3: Reliability-aware Classification Results on Test In-
Dist. Corr-Acc/Corr-Ma-F1 are computed on samples not
flagged as uncertain (Unrel). Higher Corr-Acc/F1 with a rea-
sonable Unrel is desirable.

BERT+OpenMax, DOC, LOS). With BERT+HOCM attain-
ing an MVR of 78.9% (and Ma-MVR of 78.3%) and fur-
ther improvements observed with stronger backbones like
DeBERTa (MVR up to 79.5%), HOCM effectively identi-
fies inputs that fall outside the well-represented training cat-
egories—crucial for directing expert attention to challenging
instances.

Method MVR (%) Ma-MVR (%)

BERT + OpenMax 77.9 77.3
BERT + DOC 78.4 77.8
BERT + LOS 78.8 78.2

BERT + HOCM 78.9 78.3
RoBERTa + HOCM 79.2 78.6
DeBERTa + HOCM 79.5 79.1

Table 4: Open-Set Detection Results (MVR/Ma-MVR)
on the external test set (21 low-resource categories). A
higher MVR indicates better precision in identifying true
unknowns/low-resource samples.

Synthesis. Overall, the quantitative results indicate that
HOCM achieves a compelling balance. It maintains strong
classification accuracy on known categories while signifi-
cantly enhancing prediction reliability through effective un-
certainty estimation. Concurrently, it demonstrates competi-
tive performance in detecting under-represented or out-of-
scope inputs, making it a well-rounded solution for real-
world survey classification.

Ablation Studies
We perform ablation studies to evaluate key components of
HOCM using the BERT backbone. Table 5 reports results
with three simplified metrics: closed-set accuracy (Acc), re-
liability measured by corrected accuracy (Corr-Acc), and
open-set detection via manual verification rate (MVR).

The results demonstrate the effectiveness of HOCM’s
components. Removing the entire memory-enhanced con-
trastive learning module (ID 4 vs ID 1) significantly de-
grades both reliability (Corr-Acc drops by 3.1%) and open-
set detection (MVR drops by 4.4%), despite a slight increase
in standard accuracy, highlighting the importance of robust
representations. Ablating specific parts of the memory man-
agement, namely the quality filter (ID 2) and reliability sam-
pling (ID 3), leads to noticeable but smaller performance

ID Acc (%) Corr-Acc (%) MVR (%)

1: Full HOCM 84.9 92.1 78.9
2: w/o Quality Filter 84.5 91.5 78.0
3: w/o Reliab. Sampling 84.6 91.6 78.2
4: w/o Memory CL (CE Loss) 85.1 89.0 74.5

5: w/ Flat OpenMax 84.8 91.0 76.5
6: w/o UC (Softmax) 85.1 - 72.5

7: BERT Baseline 85.3 - 68.0

Table 5: Ablation study on BERT. Variants: (1) Full HOCM
(Memory CL + Hierarchical UC); (2) HOCM w/o Quality
Filter; (3) HOCM w/o Reliability Sampling; (4) BERT + Hi-
erarchical UC (No Memory CL); (5) BERT + Memory CL +
Flat OpenMax (No Hierarchical UC); (6) BERT + Memory
CL (No UC); (7) BERT Baseline (Standard CE, Softmax).
Metrics: Accuracy (Acc), Corrected Accuracy (Corr-Acc),
and Manual Verification Rate (MVR).

drops, confirming their contribution to stability and effec-
tiveness.

Similarly, the hierarchical uncertainty calibration is cru-
cial. Removing it entirely (ID 6 vs ID 1) eliminates the
reliability assessment (Corr-Acc) and substantially reduces
OSR performance (MVR drops by 6.4%), even with the
strong representations from Memory CL. Replacing the hi-
erarchical mechanism with a standard flat OpenMax (ID 5 vs
ID 1) maintains high accuracy but results in lower reliabil-
ity (Corr-Acc -1.1%) and notably worse open-set detection
(MVR -2.4%), underscoring the benefit derived from explic-
itly leveraging the hierarchy in uncertainty estimation. The
full HOCM framework (ID 1) achieves the best balance, par-
ticularly excelling in reliability and open-set detection com-
pared to both the baseline (ID 7) and the ablated variants.

Qualitative Analysis
To gain deeper insights into the effectiveness of our
HOCM framework, we conduct extensive qualitative anal-
yses through expert annotation evaluation, focusing on how
the learned representations capture both class semantics and
uncertainty patterns.

Expert Annotation Analysis
We conducted a comprehensive expert annotation process
to validate our model’s performance and uncertainty de-
tection capabilities. This analysis consisted of two phases:
(1) expert verification of prediction-ground truth disagree-
ments, and (2) in-depth analysis of samples flagged as low-
confidence by our model. For each question, experts verified
prediction and ground truth correctness, identified potential
multi-topic cases, and documented reasons for classification
ambiguity. Table 6 provides examples for dominant patterns.

Our analysis revealed a strong alignment between
model uncertainty detection and expert-identified challeng-
ing cases. Questions receiving low confidence scores consis-
tently corresponded to cases where experts identified legit-
imate ambiguity or need for additional context. This align-
ment was particularly evident in cases requiring expert dis-
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Pattern Example Question Expert Note Remark

Semantic Ambi-
guity

“How would you assess this
pupil’s general knowledge com-
pared with other pupils of the
same age?”

“Uncertain if ‘general knowl-
edge’ fits a cognitive skill la-
bel.”

Distinguishing Education, Cog-
nitive Skills, and Personali-
ty/Temperament is challenging.

Insufficient Context “What do you do if you get it
while walking?”

“Text alone is unclear – ‘it’ is
undefined.”

Lacks context, making the
question ambiguous.

“Has this investigation resulted
in extra help for the child?”

“Likely about Learning difficul-
ties or Education, but insuffi-
cient info for certainty.”

Additional context needed to
classify properly.

Category Overlap “To what extent has your
child’s chronic health condition
affected their school attendance
and social relationships with
classmates?”

“Spans Physical Health, Educa-
tion, and Social Support.”

Overlapping domains compli-
cate single-label assignment.

“How satisfied are you with the
care you and your partner re-
ceived during labour?”

“Involves Health services utili-
sation and Childbirth.”

Multiple domains make single-
label classification difficult.

Table 6: Summary of Patterns Identified in Expert Annotations

cussion for topic determination, questions needing multiple
topic labels, and samples exhibiting the key annotation pat-
terns discussed above.

These findings have important practical implications for
deploying such systems in real-world scenarios. Organiza-
tions implementing similar classification systems should fo-
cus on maintaining clear documentation of topic definitions
while developing robust protocols for handling multi-topic
questions. Additionally, establishing clear procedures for es-
calating uncertain cases to expert reviewers and continu-
ously refining annotation schemes based on feedback is cru-
cial for system effectiveness. The strong correlation between
algorithmic uncertainty estimation and expert judgment val-
idates our quality-aware classification approach, while pro-
viding practical guidance for implementing robust quality
control measures in large-scale survey classification sys-
tems.

Computational Cost
To assess practical viability, we measured the computational
overhead of HOCM. On an NVIDIA A100 GPU, compared
to a standard BERT baseline, the BERT + HOCM model in-
troduced a modest overhead: approximately 15% additional
training time per epoch (due to memory bank updates and
contrastive calculations) and a 5% increase in per-sample
inference time (due to distance calculations and hierarchical
calibration). This indicates that HOCM’s significant gains in
reliability are achieved with acceptable computational cost,
making it suitable for real-world deployment.

Conclusion
Automated classification of complex social survey ques-
tionnaires is essential yet challenging due to intricate hi-
erarchies, class imbalance, ambiguity, and the presence of
under-represented or out-of-scope categories, hindering re-
liable social science analysis. This paper introduced HOCM,

a framework designed to address these specific hurdles.
HOCM integrates (1) memory-enhanced contrastive learn-
ing to derive robust representations from noisy, imbalanced
survey data, and (2) hierarchical uncertainty estimation to
enforce taxonomic consistency and identify inputs that are
likely ambiguous or out-of-scope. This allows routing low-
confidence predictions for expert review, thereby increasing
the trustworthiness of the final classified dataset.

Experiments demonstrate HOCM’s effectiveness: it
achieves strong accuracy on known categories (e.g., 84.9%
Acc with BERT), successfully flags uncertain instances
(14.3% Unrel) leading to substantially improved reliability
on confident predictions (92.1% Corr-Acc), and competi-
tively detects under-represented/unknown categories (78.9%
MVR). Expert validation confirms that HOCM’s uncertainty
flags predominantly identify genuine data complexities (se-
mantic ambiguity, category overlap), validating its practical
utility.

By delivering more trustworthy classifications and effi-
ciently guiding expert review towards problematic cases,
HOCM offers a valuable tool for enhancing the quality, scal-
ability, and rigor of computational social science research
based on survey data. Future work includes integrating ex-
pert feedback for adaptive learning and addressing evolving
concepts in longitudinal analysis.
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