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Abstract

Fairness metrics such as demographic parity
and equalized odds summarize group-level be-
havior, while the location of subgroup errors
in the score distribution often remains unclear.
RISE-NLP is a diagnostic interface for audit-
ing probabilistic text classifiers through signed
residual distributions. Given prediction scores,
labels, group metadata, and text, RISE-NLP
plots group residual-quantile curves, reports
distributional metrics, and links selected per-
centile regions to the examples behind the
gap. Using BERT and RoBERTa predic-
tions, we observe Fyisi = 0.097-0.150 in
the two identity-linked toxicity settings and
0.055-0.058 in a randomly grouped SST-2 con-
trol used as a descriptive reference. A 16-
participant formative study evaluates users’ un-
derstanding and perceived usefulness of the
residual visualizations, showing their potential
to support reasoning about fairness—accuracy
trade-offs. The project is available at
https://ufdatastudio.com/projects/risenlp.

1 Introduction

Fairness auditing for text classifiers often starts
with scalar group metrics. Demographic parity
(DP), equalized odds (EO), accuracy, and calibra-
tion answer different questions, and prior impos-
sibility results show that several desirable criteria
cannot generally be satisfied simultaneously (Klein-
berg et al., 2017; Chouldechova, 2017). Auditors
often face two recurring problems: (1) metric dis-
agreement without a clear source and (2) local-
ized errors hidden behind moderate scalar val-
ues, especially in low-confidence regions, transi-
tion bands, or high-confidence tails.

RISE-NLP complements DP, EO, calibration,
and domain-specific judgment as a threshold-free
diagnostic interface for locating subgroup disparity
along the residual distribution. For each target
class, RISE-NLP uses the signed residual between
the predicted target-class probability and the true

Stage 2 Stage 3
Computation Layer Interactive Rendring

? Model Outputs: ——
«% Visuliazation Canvas

W, Predicted probabiltes (5*) Python | Streamlit [Plotly | NumPy
N
@, Ground Truth:
=1 Binarylabels (Y) -
Computation
Protected Attribute:
2 Demographic information (A)
used for subgroups

Signed Residual:
d= Py,

Optional Content: RISE Metrics jeontiolparne]
Environments/Domain label Faist Fpattem ) (Fv&Fh
and extra data
RISE Plots ,

G T i Outputs Analysis

Median e detection i

Knee point detection ST e e e

Toggle plots options

Intake Data
JSONfiles for model results
TXT files for old metrics

Intake Old Metrics
Acc, MD, Dp, EO, AUC

Figure 1: RISE-NLP auditing workflow and system
architecture. Auditors upload or select model predic-
tions containing text, labels, scores, group metadata,
and model/dataset identifiers. The computation layer
derives signed residuals, group quantile curves, scalar
metrics, and distributional summaries. The interface
coordinates a control panel, residual visualization, in-
stance table, metric explanations, and report-oriented
outputs so users can move from aggregate metrics to lo-
calized residual regions and then to concrete examples.

target label. Sorting these residuals within each

group yields group residual-quantile curves. Curve

separation shows whether disparity is concentrated

in the center, near the decision boundary, or in a

high-confidence tail.

In our experiments, the SST-2 random-group
control has nearly overlapping residual curves and
small Fyis values (0.055-0.058). Identity-linked
toxicity settings show larger residual distribution
gaps on HateXplain (0.137-0.150) and UC Berke-
ley hate speech data (0.097-0.131). These gaps
identify percentile regions where the interface re-
trieves representative text examples for inspection.

Our contributions are:

* We introduce RISE-NLP as a complementary
diagnostic interface for existing fairness and ma-
chine learning metrics, helping users examine
model behavior with residual distributions along-
side scalar scores.

* We design a visualization view that gives users an
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System

NLP support Fairness metrics Residual view Region localization

Fairlearn Dashboard (Bird et al., 2020) X
What-If Tool (Wexler et al., 2020) X
AllenNLP Interpret (Gardner et al., 2018) v
AIF360 (Bellamy et al., 2018) X
FairSight (Ren et al., 2022) Part.
RISE-NLP v

v X X
Part. X X
X X X
v X X
v X Part.
v v v

Table 1: Systems comparison focused on the novelty claim. RISE-NLP combines NLP prediction uploads, classical
fairness summaries, residual distribution views, region-level disparity localization, and instance drill-down in one

auditing workflow.

audit summary of subgroup disparity and model
behavior, making patterns behind scalar metrics
visible in the residual curves.

* We implement an interactive workflow from
distribution-level subgroup disparity to the text
instances that drive selected residual regions.

* We present case studies where scalar metrics
give limited or confusing signals, including a
random-control setting with little residual struc-
ture, identity-linked toxicity settings with local-
ized gaps, and cross-model comparisons where
RISE-NLP helps locate the errors behind similar
metric summaries.

2 Related Work

Group fairness in classification is commonly re-
ported with criteria such as equality of opportu-
nity (Hardt et al., 2016). Prior work shows that
calibration, error-rate balance, and related fair-
ness criteria can conflict across settings and operat-
ing points (Kleinberg et al., 2017; Chouldechova,
2017; Corbett-Davies and Goel, 2018). Toolkits
such as Al Fairness 360 (Bellamy et al., 2018)
and Fairlearn (Bird et al., 2020) support metric
reporting and mitigation workflows. What-If Tool
and FairSight further support interactive explo-
ration (Wexler et al., 2020; Ren et al., 2022), while
AllenNLP Interpret focuses on NLP model inter-
pretation (Gardner et al., 2018).

RISE-NLP builds on this line of work by linking
fairness metrics with residual-quantile curves and
instance inspection for text classification. The orig-
inal RISE framework introduced sorted-residual
visualization for fairness (Chen and Grant, 2026).
RISE-NLP adapts this idea to probabilistic NLP
classifiers and uses JFyit, the one-dimensional
Wasserstein distance between subgroup residual
distributions, as the plot-aligned distributional sum-
mary. Because the demo can surface raw hate-
speech examples, we follow recommendations for
presenting harmful text (Kirk et al., 2022). Table 1
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compares existing fairness toolkits and visualiza-
tion systems with RISE-NLP along dimensions
relevant to interactive auditing. RISE-NLP links
distribution-level fairness patterns to concrete text
instances, with scalar summaries used as context.

3 System Overview

RISE-NLP centers on the residual distribution
d =Pt —Y and its group-wise quantile func-
tions. The interface pairs residual curves (with
Fdist and Fpaiern) With common scalar metrics and
linked instance inspection.

3.1 Signed-Error Residual Representation

Let D = {(z4,yi,a;)}1~, where y; € {0,1} in-
dicates membership in the target class under a
one-vs-others setup and a; denotes the group at-
tribute used for auditing. For a classifier producing
P" = Pr(y = 1| x;), we define the signed-error
residual

)

where d; > 0 indicates overestimation and d; < 0
underestimation. For toxicity classification, d; > 0
indicates the model over-predicts toxicity (a non-
toxic comment assigned high toxicity probabil-
ity), while d; < 0 indicates the model under-
predicts toxicity (a toxic comment assigned low
toxicity probability). Large-magnitude residuals
correspond to high-confidence errors (false posi-
tives or false negatives).

Let D = {dy,...,d,} and subgroup sets Dy =
{di | a; = 0}, Dy = {dl | a; = 1}. Denote
medians by m, = Med(D), my Med(Dy),
my = Med(Dl).

Residuals unify magnitude and direction of error
in a single continuous variable, enabling threshold-
free, distribution-level fairness diagnostics.

di == -p;r — Y S [_]-a 1]7

3.2 From Residuals to Interactive Geometry

Sorted residual curves. Residuals are sorted to
construct quantile functions @, (p) over percentile



p € [0,1] for each group a. Plotting Qo(p) and
Q1(p) yields sorted residual curves. Curve sep-
aration indicates different residual distributions;
overlap indicates similar residual distributions.
Sorted residual curves are often S-shaped, with
steep transitions where predictions switch from
mostly correct to mostly incorrect. RISE-NLP
marks knee points using a curvature-based heuris-
tic (Kneedle (Satopaa et al., 2011)) to help users
navigate these transition regions. Knee markers are
visual aids for navigation and percentile selection
for both individual groups and overall distribution;
distributional disparity is summarized by Fgjst.

3.3 Interface and Interaction Design

RISE-NLP provides an interactive workflow that
links distribution-level diagnostics to instance-
level inspection. The interface synchronizes
three components: configuration controls, residual-
distribution visualization, and example inspection.

Control panel. Users upload a CSV file or se-
lect a dataset—model pair, define group attributes,
optionally apply probability calibration (tempera-
ture scaling (Guo et al., 2017)), and filter subsets or
metadata. Each interaction triggers recomputation
of residual summaries and updates the views, en-
abling rapid comparison across models and groups
through the interface.

Visualization. The central view displays group-
wise RISE curves. The horizontal axis represents
percentile rank within each group, and the vertical
axis represents signed residual magnitude. Separa-
tion between curves indicates differences in error
distributions across groups. The shaded region
between curves corresponds to Fyis, providing a
visual summary of distributional disparity aligned
with the plotted geometry. Median markers and
knee annotations highlight structural transitions in
prediction behavior. Each displayed score includes
a one-sentence tooltip: Fyis is the area between
group residual curves, Fpatern is median residual
alignment, and scalar metrics are thresholded group
summaries. The metric panel acts as a compact au-
dit summary. For interface readability, Fpaiern and
Fdist are accompanied by heuristic status labels.
For Fpatem, Excellent, Good, Fair, and Poor cor-
respond to values > 0.95, > 0.85, > 0.70, and
< 0.70, respectively. For Fgig, the corresponding
bands are < 0.10, < 0.30, < 0.60, and > 0.60.
These labels serve as interface heuristics for quick
visual comparison, with the thresholds chosen only
for the dashboard display. The metric panel records

the selected model, dataset, group definition, scalar
metrics, residual summaries, and selected residual
region before the user opens individual examples.

Users select percentile regions directly on the
residual plot to retrieve representative instances
contributing to observed disparities. For each in-
stance, the interface displays predicted probability,
ground-truth label, group membership, raw text
context, and the derivation rule used by any au-
tomatic explanation. The report view records the
selected model, dataset, group definition, metrics,
residual region, retrieved examples, and dashboard
notes, supporting export of an audit report or down-
load of selected examples. Together, these views let
users move from a residual pattern to the examples
that shaped it.

3.4 Generality

RISE-NLP takes prediction outputs as input and
can be used with different models and datasets. For
binary text classification, the audit uses the label,
predicted class, target-class probability, and group
attribute. For multi-class tasks, RISE-NLP uses a
one-versus-others view: each class can be selected
as the target class, and the residual is computed
from the probability assigned to that class.

A user can apply RISE-NLP to a new dataset
by uploading a prediction table with text instances,
labels, group information, and probability scores.
The group variable can come from dataset labels,
identity targets, keyword rules, synthetic controls,
or intersectional attributes, and the interface keeps
this setting with the audit run for repeated compar-
isons. After upload, RISE-NLP computes group-
wise residual quantiles, Fuist, Fpattern, and standard
scalar metrics, then connects these values to resid-
ual curves and text instances. Figure 1 summarizes
the workflow.

4 Residual Distribution Metrics

RISE-NLP reports two plot-aligned residual sum-
maries. JFyis¢ summarizes the area between sub-
group residual-quantile curves and is used to lo-
cate distributional separation. Fpagern SUMmarizes
median residual alignment and gives a compact
view of whether the typical residual is similar
across groups. Both summaries are interpreted with
the residual curves, scalar metrics, calibration evi-
dence, and retrieved examples.
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Main Visualization
Click a point to inspect that instance in the Instance Inspector tab.
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Figure 2: RISE-NLP interface screenshot with residual curves and instance views. Left: group-wise RISE curves
Qo(p) (orange) and @1 (p) (blue). The purple shaded region between curves represents the distributional disparity.
Diamond/Star markers indicate knee points, highlighting transition regions; dashed vertical lines mark their median.
Right (top): RISE metrics. Right (bottom): Instance Inspector, which displays the selected example, including
prediction, confidence, true label, sensitive attribute, and token-level attention linked to the selected point in the plot.

4.1 Distributional Distance (Fgist)

Fdist corresponds to the one-dimensional
Wasserstein-1 (I/7) distance between subgroup
residual distributions. For distributions on the
real line with finite first moments, ¥/; admits the
equivalent quantile representation

1
WMR@ZAKMM—®®ME(E

which equals the area between subgroup quantile
curves (Villani, 2009). In the interface, this value
appears as the shaded area between the sorted resid-
ual curves.

The key use of Fyiy is localization. A large
value prompts the auditor to inspect the percentile
bands contributing most of the area; a small value
suggests that the group residual distributions are
similar under the selected group definition and sub-
set. Because Fy;g is threshold-free, it can expose
residual gaps even when thresholded scalar met-
rics appear similar. Residual gaps still require task
context and policy goals for fairness interpretation.

4.2 Median Alignment (Fpattern)

Let m, denote the median residual for group a.

[m1 — mo|

F pattern — 1- 2

3)

Fpatern measures whether the typical residual
is aligned across groups. It intentionally captures
only central tendency. Auditors should therefore
read it as a complement to the residual curves, Fyi,
and tail inspection.

4.3 Knee-Point Annotations

The interface optionally annotates knee points on
the sorted residual curves using a curvature-based
heuristic (Kneedle (Satopaa et al., 2011)). Let K
and K, denote the left and right knee points. For
group g € {0,1} and the pooled sample, let h,i
denote the percentile location and dj, the residual
value at knee k& € {/,r}. We summarize the group-
wise knee displacement as

1 ht —po
Fy= - (H| +|H,|),  Hp=-t_%

2 hk

4)
and

1 dt — d°
Fy=-(Vil+ Vi), Vi=-"EE0 (5

2 dk

F}, summarizes the normalized difference in
where the two group curves change curvature
along the percentile axis, while F;, summarizes
the corresponding difference along the residual
axis. Smaller values indicate closer knee align-
ment, with zero corresponding to coincident group
knees. These quantities serve as auxiliary geomet-
ric descriptors, while Fgis remains the primary dis-
tributional summary.

5 Case Studies and Evaluation

We evaluate RISE-NLP around a central auditing
question: when does a residual-quantile view pro-
vide information that scalar group metrics leave
unclear? The current evidence uses fixed predic-
tions from BERT and RoBERTa toxicity classifiers
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plus a random-group control sentiment setting. We
report the demonstrated coverage separately from
extensions that the interface supports but that re-
quire additional empirical validation.

5.1 Datasets and Models

Across experiments, datasets are mapped into the
schema described in Section 3.4. Each predic-
tion file contains labels, model scores, text, dataset
name, model name, and a group attribute used for
subgroup comparison.

SST-2 (Socher et al., 2013) is included as a
random-group control. Because SST-2 lacks de-
mographic annotations, we assign a random one-
group-versus-others attribute. This setting pro-
vides a descriptive reference for residual behav-
ior when the audit groups have no intended demo-
graphic meaning. The resulting values are specific
to this dataset, model, and group construction and
carry no general fairness-baseline or validation-
threshold meaning for Fyis. HateXplain (Mathew
et al., 2021) provides toxicity and hate-speech ex-
amples with target annotations. We binarize labels
into hate/offensive content versus normal content
and use African-targeted content as the protected-
attribute construction for the main toxicity audit.
UC Berkeley hate speech (Kennedy et al., 2020)
provides hate-speech scores and target metadata.
We label examples as hate speech when the score
exceeds 0.5 and use race-targeted content as the
group attribute.

RISE-NLP audits fixed predictions from
external classifiers, and we use two pretrained
toxicity classifiers to produce comparable prob-
ability outputs: unitary/toxic-bert (Al
2020; Devlin et al., 2019) and
s-nlp/roberta_toxicity_classifier (Ver-
sae and contributors, 2020; Liu et al., 2019). For
toxicity datasets, the target-class probability is
the probability of toxicity versus other labels.
For SST-2, probabilities are transformed so the
residual sign has a consistent interpretation within
the control task.

5.2 Case Study 1: Scalar Metrics and
Residual Localization

This case study examines how scalar metrics and
residual curves support different parts of a fairness
audit. Table 2 summarizes the scalar and residual
summaries. In the random-control SST-2 setting,
DP and EO are close to parity, and Fyjs is small.
In the UC Berkeley setting, BERT has DP = 1.098

and EO = 0.979, while the residual distribution
gap is larger (Fgist = 0.131). The scalar metrics
describe thresholded group rates; the RISE curves
show where the residual distributions separate.

Figure 3 shows the corresponding residual geom-
etry. The SST-2 curves nearly overlap for both mod-
els, matching the small Fyis; values in Table 2. The
HateXplain and UC Berkeley curves show wider
shaded gaps. These gaps are localized to particular
percentile regions, giving the auditor a concrete
region to inspect after reading the scalar metrics.

DP and EO describe selected thresholded rates
across groups. RISE-NLP points to percentile
bands that deserve closer inspection. After select-
ing a separated band, the auditor can review the
corresponding text instances and identify whether
the gap comes from false positives, false negatives,
or uncertainty near the decision boundary.

5.3 Case Study 2: Cross-Model Residual
Comparison

This case study compares BERT and RoBERTa un-
der the same datasets and group definitions. On
UC Berkeley hate speech, RoOBERTa has a lower
residual distribution gap than BERT (0.097 ver-
sus 0.131), while both models have scalar ratios
close to parity. The residual view supports a model-
comparison audit: two models can appear similar
under thresholded group metrics while distributing
residual errors differently across the score range.

On HateXplain, both models have larger scalar
disparities and larger residual gaps. RISE-NLP lets
the auditor select the curve region that contributes
to the shaded area and inspect the examples behind
it. This is the role of the instance inspector shown
in Figure 2 and Figure 4.

5.4 Formative User Study

We conducted a formative study with 16 partic-
ipants using a survey. Participants included un-
dergraduate students, master’s students, Ph.D. stu-
dents, ML engineers, data scientists, and professors.
Their ML experience ranged from less than one
year to more than ten years. The study asked how
users interpreted the residual visualization, which
evidence they trusted when judging fairness, and
which parts of the interface were unclear.
Participants generally found the visualization
useful for auditing. Six participants selected visu-
alization plots alone as the most trusted evidence
for judging fairness, and five selected visualization
together with the distributional summaries. Twelve
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Model Data Fist MD DP EO

BERT SST-2 random control 0.058 0.001 0.998 1.001
HateXplain African target  0.150 0.242  1.500  1.298
UC Berkeley race target 0.131  0.057 1.098 0.979

RoBERTa  SST-2 random control 0.055 0.003 0.994 0.993
HateXplain African target  0.137  0.294  1.580 1.340
UC Berkeley race target 0.097 0.091 1.154 1.017

Table 2: Scalar fairness metrics and RISE residual-distribution summaries across datasets and models. MD, DP, and
EO summarize group-level scalar behavior. Fy;s summarizes residual-distribution separation as the area between
subgroup residual-quantile curves. Takeaway: The SST-2 random-group control serves as a descriptive reference
and shows smaller residual gaps than the two identity-linked toxicity settings in these experiments.
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Figure 3: Residual curves for BERT and RoBERTa across the three audit settings. SST-2 random-group control
shows near-overlapping curves and the smallest Fg;s values in Table 2 (BERT: 0.058, RoBERTa: 0.055). HateXplain
shows the largest gaps (BERT: 0.150, RoBERTa: 0.137), while UC Berkeley remains larger than the control setting
(BERT: 0.131, RoBERTa: 0.097). The shaded regions show that these gaps concentrate in specific percentile bands
across the curve. Takeaway: Fgii gives the gap size; the curve shows where to inspect.

participants said the system helped them view fair-
ness and accuracy as a trade-off; two said it made
accuracy more important, and one said it made fair-
ness more important. For adoption, 10 participants
said they would use the system, three answered
“Maybe,” and three preferred traditional metrics or
requested further improvements.

Open-ended responses identified useful inter-
face elements and remaining sources of confusion.
Participants often named knee markers, residual
curves, horizontal disparity, and group compari-
son as helpful. They also pointed to visual density,
metric definitions, curve interpretation, and knee
detection as areas needing clearer presentation.

Takeaway. The formative study captures partic-
ipants’ perceived usefulness and interpretation of
the residual visualization. Participants reported us-
ing the curves to compare subgroup behavior and
reason about fairness—accuracy trade-offs, while
their comments point to clearer metric definitions
and a less dense layout as priorities for the next
interface version.

Limitations. This study is formative and fo-
cuses on self-reported perceptions of the interface,
with auditing accuracy and efficiency left for future
task-based evaluation. The current experiments
use fixed BERT and RoBERTa predictions on one-
vs-others toxicity tasks, together with an SST-2
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random-group control used as a descriptive refer-
ence. RISE-NLP relies on probability scores and
group metadata, so calibration quality, group con-
struction, and dataset provenance can affect the
interpretation of residual gaps. A large Fyis indi-
cates greater residual-distribution separation under
the selected audit setting, while fairness judgments
still depend on task context and policy goals. The
SST-2 control reflects the specific dataset, model,
and random grouping used in this study and carries
no general fairness-baseline or validation-threshold
meaning. Future work will include controlled task-
based studies, multi-class and intersectional audits,
and comparisons with debiased models.

6 Conclusion

RISE-NLP supports fairness auditing by connect-
ing scalar metrics, residual-distribution views, and
instance-level inspection. The system plots group
residual-quantile curves, summarizes their separa-
tion, and links selected percentile regions to con-
crete text examples.

Across the case studies, the SST-2 random-
group control provides a descriptive reference with
smaller residual gaps, while the two identity-linked
toxicity settings show larger localized gaps, and
BERT and RoBERTa show different residual geom-
etry even when scalar ratios are similar. The for-
mative study indicates that participants perceived
the residual visualization as useful for reasoning
about fairness—accuracy trade—offs and points to
interface clarity as the next design priority. RISE-
NLP is best understood as a diagnostic aid: it nar-
rows where auditors should look, while fairness
judgments still depend on task context, group con-
struction, and policy goals.
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A Appendix

A.1 Handling Harmful Text and Instance
Examples

RISE-NLP may display offensive language because
it operates on toxicity and hate-speech datasets.
The demo starts from distribution-level plots and
reveals only small user-selected sets of examples
from the RISE curve. We include content warnings
and recommend access control and dataset prove-
nance documentation for deployments that expose
raw text (Kirk et al., 2022).

Figure 4 shows the Instance Inspector view used
in the demo workflow. In this example, the audi-
tor selects a residual region from HateXplain with
RoBERTa and the race_african attribute. The
view shows the selected examples with outcome

True Positive pred=1,true=1  True Negative pred=0,true=0 False Positive pred=1,true=0 ~False Negative pred=0, true=1

v 5840737_gab | TP | pred=1| true=1| sens=0.0
Text (word shading = model attention; darker = more impact on prediction):

lol why why should i move just becos there is nazi morons here in germany

Predicted

1 0.998 1 0.0

Group: race_african | Domain: hatexplain

Confidence True label Sensitive attr

v 1179092454492049408_twitter | TN | pred=0 | true=0 | sens=0.0
Text (word shading = model attention; darker = more impact on prediction):

for the queer readers you deserve every adventure nina varela baby i already love u so
much

Predicted

0 0.013 0 0.0

Group: race_african | Domain: hatexplain

Confidence True label Sensitive attr

v 1193293522142547968_twitter | FP | pred=1 | true=0 | sens=0.0
Text (word shading = model attention; darker = more impact on prediction):

&lt;user&gt; i hate you

Predicted

1 0.990 0 0.0

Confidence True label Sensitive attr

Group: race_african | Domain: hatexplain

v 16501013_gab | FN | pred=0 | true=1| sens=1.0

Text (word shading = model attention; darker = more impact on prediction):

why should i want my descendant future tied to somali immigrants or their children
how is that in their best interest

Predicted

0 0.004 1 1.0

Group: race_african | Domain: hatexplain

Confidence True label Sensitive attr

Figure 4: Instance Inspector view for selected HateX-
plain examples from a residual region.

type, model confidence, true label, sensitive at-
tribute, and token-level attention shading. The bot-
tom false-negative example has low predicted toxi-
city confidence despite a hateful label, illustrating
the type of instance an auditor can retrieve from a
separated residual band.
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