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Abstract—Multi-label tagging of research and policy docu-
ments against the 17 UN Sustainable Development Goals (SDGs)
remains an open problem: even modern Large Language Models
(LLMs) paired with knowledge graph-based post-correction leave
a substantial residual error. We argue that part of this gap may
reflect not a model deficiency but an artefact of how the 17 SDGs
were constructed, through political negotiation among 193 UN
member states rather than along empirical category boundaries.
We present an interactive document explainer that surfaces the
resulting class entanglement through three heterogeneous lenses:
lexical overlap in the document text, label-correlation structure
across the corpus, and label co-occurrence among nearest re-
search neighbours. Pinning any SDG displays its entanglement
profile across all three lenses simultaneously, enabling a per-
document audit of the classes the classifier could not separate.
We illustrate the explainer on representative papers from the
Aurora corpus, where the three lenses converge on the same
conclusion: the SDGs the classifier missed and those it found
correctly cluster together across all three lenses.

Index Terms—Data visualization, explainable AI, human com-
puter interaction, large language models, multi label classifica-
tion, nearest neighbor methods, sustainable development

I. INTRODUCTION

The 17 UN Sustainable Development Goals [1] are a multi-
label scientific text classification benchmark adopted by major
reporting initiatives. The full SDG framework is two-tiered:
17 broad goals (e.g. Goal 5 “Gender Equality”), each oper-
ationalised by a small number of more specific rargets (e.g.
Target 5.5 “ensure women’s full and effective participation
...in political, economic, and public life”’), 169 in total.
Tagging research papers, policy briefs, and project reports with
the goals supports a range of downstream uses: institutional
reporting, funding allocation, literature review, and policy
targeting [2]. The applied need is real: manual annotation does
not scale, expert annotators disagree on roughly one in five
papers, and the most-cited SDG mapping resources publish
only the highly aggregated 17-goal labels rather than the 169-
target detail.

The natural language processing response has been to push
the usual levers: better backbones, careful threshold calibra-
tion, label-correlation regularisers, and recently knowledge
graph-based correction of classifier outputs against the Prad-
han [3] SDG interaction matrix. Each lever delivers incremen-
tal gains. None closes the residual gap to gold labels.

We argue that a substantial part of that gap may be less
a classifier problem than a class construction problem. The
17 SDGs were finalised in 2015 after multi-year negotiations
among 193 member states, with explicit attention to balancing
political constituencies across the main topics [4]. They were
not drawn at the joints of natural data. Climate (SDG 13) and
clean energy (SDG 7) overlap because climate mitigation is, to
a high degree, an energy transition. Gender equality (SDG 5)
and reduced inequalities (SDG 10) overlap because gender
disparity is, in development contexts, an axis of inequality.
The model is not “wrong” when it confuses these classes; the
classes themselves are not separable.

The visualisation contribution of this paper is an interactive
tool that surfaces this entanglement. Our Explainer takes the
output of a state-of-the-art SDG classification pipeline and
exposes, for any given document, three independent views
of which classes are tangled: i) a lexical lens (the keyword
spans in the abstract that simultaneously tag two or more
SDGs), ii) a corpus-correlation lens (the chosen SDG’s row
of an empirical 17x17 label-correlation matrix, for which a
published interlinkage matrix such as Pradhan’s [3] can be
substituted with no other code change), and iii) a co-label lens
(the rate at which the chosen SDG is co-labelled with each
other SDG, computed both across the loaded research corpus
and among the document’s SBERT-nearest neighbours).

A single click on any SDG, regardless of location (e.g., in
the abstract, in the comparison grid, or on the network), pins it
across every panel and triggers the three-lens drill-in. When all
three lenses converge on the same handful of neighbour SDGs,
the user sees, with their own clicks, a signature consistent with
the political construction of the class taxonomy.

Our intended audience is twofold. For machine learning
researchers, the tool reframes the residual error in SDG clas-
sification as a class-design problem rather than a calibration
problem. For sustainability domain experts, it provides a way
to interrogate individual model predictions in language that
connects to the substantive interlinkage literature [3], [5].

The remainder of the paper contextualises this contribution
against related work (§II), describes the underlying classifier
(8$IID), discusses the explainer itself and its three lenses (§1V),
and concludes with a discussion on potential expansions (§V).



II. RELATED WORK

a) Per-instance audit of multi-label classifiers: Generic
post-hoc explanation methods such as LIME [6] and SHAP [7]
attribute a single class prediction to input features. They are
not designed for label co-incidence: when two predicted labels
share the same evidence, attribution methods report two sepa-
rate but largely identical heatmaps rather than the substantive
observation that the labels themselves are entangled. Our
explainer is in a complementary family of tools that takes
label structure as a first-class object of inspection rather than
a sum of independent predictions.

b) Visualisation of multi-class confusion: Confusion-
matrix and class-similarity visualisations have a long history
in visual analytics for classification [8], and instance-level
performance-analysis tools such as ModelTracker [9] let prac-
titioners inspect where a model errs on individual examples.
Such tools surface aggregate confusion across a held-out
set; they answer “which classes does the model confuse on
average?”. Our drill-in answers a different question: “for this
specific document, which classes are entangled, by which
independent evidence sources, and to what degree?”. The unit
of analysis is one document and one pinned class.

c) SDG interlinkage visualisation: The sustainability
community has produced several interlinkage visualisations,
including the IGES interactive matrix tool that exposes the
169x 169 target-level matrix [10] and various network render-
ings of the Pradhan and ICSU goal-level scores. These tools
are designed for policy analysts examining the goal taxonomy
abstractly. They are not connected to any document classi-
fier and do not surface document-conditional evidence. Our
explainer borrows the visual vocabulary of signed coloured
edges from this lineage but binds each interaction edge to a
specific document and a specific classifier output.

d) Visual analytics for SDG and environmental commu-
nication: A separate lineage of work has developed visual
analytics platforms for SDG-relevant content streams. The
UNEP Live platform aggregates news, social media, and policy
content and aligns them with environmental indicators in
support of SDG communication; Scharl et al. [11] generalise
the underlying design to lexical, geospatial, and relational
context lenses. These systems target stakeholder monitoring
at the corpus level. Our explainer borrows the heterogeneous-
lens design philosophy but inverts the unit of analysis: a single
document and a single pinned class, with lenses chosen to
diagnose classifier-versus-class-construction error rather than
to track public discourse.

e) Plurality and inconsistency of SDG mappings: Biblio-
metric literature establishes empirically that no single agreed-
upon mapping from research output to the SDGs exists.
Armitage et al. [12] and Purnell [13] report that independently
built query- and model-based mappings retrieve largely non-
overlapping publication sets for the same goals; Mutz et
al. [14] find systematic disagreement across four mapping
systems on over half a million papers; and Matsui et al. [15]
show that prominent labelling systems differ markedly in
sensitivity and specificity and carry per-goal biases. Rafols

et al. [16] draw the methodological conclusion that mapping
should expose a plural landscape rather than one authoritative
assignment. This body of work supplies independent, corpus-
scale evidence for the premise our explainer builds on—
that SDG label boundaries are interpretation-dependent—but
it operates on whole mapping systems and aggregate corpora.
Our contribution is complementary: we bring the same entan-
glement down to a single document and a single pinned class,
bound to a specific classifier output.

f) Politically-constructed taxonomies as ML problems:
Critiques of the 17-goal aggregation are extensive in sustain-
ability scholarship [4], [5], [17], but to our knowledge have
not entered the multi-label NLP literature as a hypothesis
about residual classifier error; we make that argument visually
accessible at the per-document level.

III. METHOD

The explainer visualises the output of a two-stage SDG
classification pipeline run on a sample of the Aurora multi-
label corpus [2] (127,398 papers, a 10,000-document test split,
a 500-document validation set, and 40 few-shot exemplars).
The explainer itself is a single, self-contained HTML file with
vanilla JavaScript and no dependencies, and it can be deployed
by dropping a generated data file alongside it. It accepts
any suitably-shaped JSON export from the Aurora dataset
or similar multi-class SDG classification pipelines, including
deep-learning SDG text classifiers such as SDG-Meter [18].

A. Two correction methods

A locally-served, NVFP4-quantised Gemma 4 26B A4B
model (Gemma-4-26B-A4B-it-NVFP4) maps each ab-
stract to per-target probabilities across the 169 official SDG
targets. We evaluate two alternative post-correction methods
on the LLM output.

a) Graph method (G-signed): Goal-level probabilities
p € [0,1]'7 are aggregated from the target-level scores and
then propagated on a row-normalised, signed version of the
Pradhan 17x17 indicator-correlation matrix W. The update
rule is

py=ap;+(1—a)y Wipe — (1—a)y  [Wilpx (1)
k k

where pr = pi - 1[pr, > 7] is a confidence-gated source and
a, T are calibrated independently for each variant of W on the
validation set.

b) Per-document method: A target-aggregated baseline is
mixed per-goal with two document-conditional evidence vec-
tors: SBERT-similarity-weighted neighbour labels drawn from
a 5,000-paper out-of-fewshot pool, and Jaccard overlap be-
tween LLM-extracted abstract entities and per-target keyword
profiles. For each of the 17 goals we sweep Anbr, Aent € [0, 1]
on a grid (subject to Ay + Aent < 1) and pick the pair that
maximises mean F; across the five validation folds; this yields
one pair per goal, capturing the fact that some goals (e.g.
SDG 17) benefit more from neighbour evidence than others.
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Fig. 1. The Classifier two-stage architecture and the Explainer. Initial classification (sparse-dot fill) produces target-level probabilities from a locally served
LLM; Corrected classification (dense-dot fill) offers two alternative post-corrections: a graph method that propagates on a signed Pradhan matrix, and a
per-document method that mixes the LLM output with SBERT-neighbour and LLM-entity evidence. The Explainer (upper box) consumes the refined per-goal

probabilities and exposes them through three independent lenses (Section IV).

B. Data and implementation provenance

Two data scopes must not be conflated. The classifier is
evaluated on the full Aurora silver-label corpus [2] (127,398
papers): a 10,000-document test split, a 500-document valida-
tion set used only for threshold and mixing-weight calibration,
40 few-shot exemplars held out from both, and a separate
5,000-paper out-of-few-shot pool from which SBERT neigh-
bours are drawn. The explainer, by contrast, visualises only a
small JSON export dropped beside the HTML—a few dozen to
a few hundred documents—not the full corpus. The corpus-
correlation and co-label lenses are therefore both computed
over this loaded export by default (the SBERT-neighbour
sub-panel additionally draws candidates from the 5,000-paper
pool); their estimates inherit the small-sample noise of an
export this size, which is why the per-document co-label
counts are flagged as small and which a substituted published
matrix such as Pradhan’s removes for the correlation lens.
Aurora labels are silver (assigned by the published Aurora
target queries, not by expert adjudication), so reported numbers
agree with silver labels and inherit their query biases. The per-
class keyword dictionary stems from UN indicator metadata
and is fixed across documents; abstract entities are extracted
by the same Gemma model and matched to per-target keyword
profiles by Jaccard overlap. The decision threshold defaults to
0.5; the graph weights a, 7 and the per-goal mixing weights
Anbrs Aent are fit on the validation folds and then frozen.

C. Quantitative anchor

A minimal evaluation summary motivates the visualisa-
tion. On the 10,000-document test set, the goal-level LLM
baseline reaches macro-F; = 0.522; aggregating from the
target-level (169-class) outputs raises this to 0.529 (the target-
aggregated ceiling). Among the graph-based corrections, no
variant improves on the baseline: the goal-level Pradhan matrix

reaches only 0.519, and the strongest variant (semantic clus-
ters) reaches 0.526, within the random-matrix floor (0.525)
and statistically indistinguishable from applying no correc-
tion at all. The per-document neighbour method, in contrast,
reaches 0.593 (+7.1pp over the 0.522 LLM baseline), and
the combined neighbour—entity method reaches 0.589. The
largest per-goal gains from neighbours are concentrated on
SDG 17 (+21.3pp) and SDG8 (+15.9pp); the smallest are
on SDGs 7, 6, and 3, where the LLM is already strong. Read
as a source ablation, this comparison isolates where the gain
originates: neighbour evidence carries almost all of it, while
adding entity overlap on top yields no further improvement
(0.589 vs. 0.593). The graph and per-doc corrections target
different failure modes, and the explainer is the artefact that
makes that difference legible per document.

IV. THE SDG DOCUMENT EXPLAINER

A. Layout

Figure 2 shows the dashboard layout, deliberately tabular:
a fixed left column for the document under inspection, a fixed
top-right panel for the prediction comparison, and a tabbed
lower panel that toggles between two visualisations (Charts
and Method details). The document panel renders the title,
DOI, and abstract; each substring matching one of the 17
keyword sets in the Aurora dictionary is wrapped in a coloured
span, and spans that match more than one SDG are merged so
a single span can carry multiple affiliations. A row of Aurora
silver-label chips below the abstract provides ground truth.
The prediction comparison grid renders three rows—Aurora
silver labels, LLM thresholded predictions, and the chosen cor-
rection method—with a side annotation summarising threshold
crossings in natural language: which SDG was lifted by which
contributing SDG, or which false positive was suppressed by
which trade-off edge.
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Fig. 2. The Explainer dashboard on the Aurora paper [19]. Left: document panel with SDG-coloured keyword spans and silver-label chips (SDG 1, 5, 10).
Top right: the prediction-comparison grid; the LLM recovers SDG 5 and 10, adds false positives SDG 4 and 8, and misses SDG 1; the graph method removes
only the borderline false positive SDG 8 and leaves the rest unchanged. Bottom right: the activated subgraph and the paired LLM-vs-method probability bars.

B. Lenses

A toggle in the header switches between the graph and per-
document correction methods, and every dependent panel re-
renders to match. The dataset is loaded by a JavaScript file
(aurora_demo. js); if absent, the explainer falls back to a
small set of embedded demonstration documents, and a data-
source badge in the header displays which source is active
and how many documents are available. The contribution that
distinguishes our explainer from existing per-document audit
tools is the drill-in view, activated when the user clicks
any SDG anywhere in the dashboard. Clicking pins the SDG
across all panels: matching keyword spans glow, the selected
column in the comparison grid is outlined, the network node
grows and reveals its full set of Pradhan edges (including
edges to currently-inactivated SDGs, so the user sees the
structural profile rather than just the document-specific one),
and matching probability bars stay full-opacity while non-
matching ones dim. The Method details tab then switches
from its global view to a three-column SDG-specific drill-
in titled “Why is SDG j hard to separate?”, exposing three
independent evidence sources for class entanglement.

1) Lexical lens. The keyword spans in this abstract that
match the pinned SDG, each annotated with the other
SDGs that the same span tags; co-tagging spans are

direct evidence of vocabulary overlap. A summary line
names the three SDGs whose keyword dictionaries have
the highest Jaccard overlap with the pinned SDG.

2) Corpus-correlation lens. The full row of W for the
pinned SDG, sorted by absolute strength, rendered as
signed bars centred on zero (green for synergy, red
for trade-off). W is by default an empirical Pearson
correlation matrix of the 17 binary label columns across
the loaded corpus, and is therefore sample-sized on a
small export; substituting a published interlinkage matrix
such as Pradhan’s [3] removes this dependence, with
identical visualisation logic.

3) Co-label lens. Two stacks of bars: the first reports
P(SDG j | pinned SDG) across all documents in the
loaded dataset; the second counts, among the document’s
top-5 SBERT-nearest neighbours that carry the pinned
SDG, how often each other SDG is also carried. The
first is a corpus-wide property; the second is local to
the current document.

The co-label lens is a static, corpus-wide label-frequency
statistic over the loaded dataset’s gold annotations; it does
not condition on the document’s text and is not used as a
classifier, its role being purely to surface annotator behaviour
for comparison with the other two lenses. The three lenses are
deliberately heterogeneous: lexical overlap is a property of the



keyword dictionary and of the specific text, Pradhan synergy is
a property of UN indicator time series at the country level with
no exposure to text, and co-label rate is a property of human
annotation behaviour. We read convergence across the three
lenses as a signature consistent with political construction
rather than as proof of it.

C. Example

We walk through the drill-in on a representative pa-
per: Asongu and Odhiambo’s study of income-inequality
thresholds and gender-inclusive education in sub-Saharan
Africa [19], with SDG 5 (Gender Equality) pinned. The Aurora
silver labels are SDG 1 (No Poverty), SDG 5, and SDG 10 (Re-
duced Inequalities). The LLM correctly produces SDG 5 and
SDG 10 with high confidence, but adds two false positives—
SDG4 (Quality Education, on a heavy ‘“tertiary education”
vocabulary) and SDG 8 (Decent Work, on “female labour force
participation” / “unemployment”)—and misses SDG 1 entirely.
The graph-correction method removes only the borderline
false positive SDG 8 (its probability falls from 0.50 to 0.49)
and otherwise leaves the prediction intact—it still carries the
SDG 4 false positive and still misses SDG 1—a useful negative
example showing that signed propagation alone is insufficient
when the document’s vocabulary itself misleads the model.

Read across the three lenses, the picture is consistent. The
lexical lens is locally sparse: the only span tagging SDG 5 in
the abstract is the single word “women”, the rest being in-
equality and education vocabulary (“Gini coefficient”, “Palma
ratio”, “tertiary education”, “unemployment”), so on text alone
SDG 5 looks weakly supported. The corpus-correlation lens
complicates that reading: SDG5’s row shows strong synergy
with SDG 16 (Peace & Justice, +0.40) but essentially no
linear correlation with SDG 10 (= 0), alongside trade-offs with
the environmental cluster (SDGs 11-15), placing it inside a
social-policy cluster and apart from environmental goals. The
co-label lens recovers the SDG 10 link the correlation lens
misses: among the loaded papers the conditional rates P(j | 5)
are SDG 16 57%, SDG 10 43%, SDG 1 14%, and among the
SBERT neighbours sharing SDG 5 the labels 1, 4, and 16 each
recur in half the cases. That a strong co-occurrence (SDG 10,
43%) coincides with a near-zero linear correlation is exactly
the kind of cross-lens disagreement the tool is built to surface.
These are small samples, computed over the SDGS5 papers
within the loaded export rather than the full corpus, so we
read the convergence as suggestive rather than conclusive.

Figure 3 contrasts the two correction methods on this
same paper through the Method details view, and makes their
different mechanisms concrete. Both eliminate the SDG 8 false
positives, but by different routes and with different collateral
effects. The graph method (top) nudges SDG8 just below
threshold (0.50 — 0.49) and otherwise leaves the prediction
untouched; its ‘“strongest edges” panel shows that none of
the activated goals are linked above |W| > 0.10, so on this
document the correction reduces to an a-shrinkage with no
structural signal to exploit—a per-document illustration of
why no graph variant beats the baseline in §III. The per-

document method (bottom) instead reweights each goal by
SBERT-neighbour and entity evidence: it removes SDG 8,
but the same reweighting also drives the true label SDG 10
below threshold, trading a false-positive fix for a false-negative
regression. The two panels thus localise, for one document, the
precision—recall tension that the aggregate macro-F; numbers
only summarise: structural correction is too weak to act, while
document-conditional correction helps on average yet can sup-
press correct labels on individual documents. The explainer’s
value here is diagnostic—it shows which evidence source
moved which goal, rather than reporting a single corrected
score.

The failure mode is now legible: the LLM did not extract
a sufficient SDG 1 (poverty) signal because the abstract uses
quantitative terms such as “Gini coefficient” and ‘“Palma ratio”
rather than the canonical poverty vocabulary. The wider point
is not that SDG 1 was missed here, but that across the three
lenses the boundaries between SDG 5, SDG 10, SDG 16, and
SDG 1 are not drawn at natural joints of the data: the 2015
taxonomy assigned each a distinct goal number to satisfy
political constituencies, and the empirical research record
provides limited support for treating them as four cleanly
separable things.

D. Discussion

The three lenses provide sufficient information to examine
the blurred class boundaries between SDGs. It is equally
important to understand the limitations of the current method.

a) What the explainer does not do: The drill-in does
not assert that any specific SDG pair is misconceived. It
surfaces quantitative agreement among three independent evi-
dence sources; the interpretive step (e.g., political-construction
artefact, indirect causal pathway, silver-label noise, benchmark
or corpus-composition bias, or residual model limitation) is
left to the user. The lenses are useful precisely because they
refuse to commit to a single reading.

b) Implications for ML practice: If a substantive fraction
of the residual macro-F; gap in SDG classification is class
entanglement rather than calibration error [20], then several
mainline strategies for closing it will continue to disappoint:
per-class thresholds cannot separate classes the labels do not
separate, and larger LLMs will not learn boundaries the train-
ing labels do not draw. Our corrected evaluation is consistent
with this diagnosis: no graph-correction variant exceeds the
no-correction baseline, which is what one expects when the
activated classes are barely linked in the interaction matrix—
signed propagation then has no structural signal to exploit,
and the gain instead comes entirely from document-conditional
neighbour evidence. The honest interventions are at the label-
design level—hierarchical or soft labels, ordinal interlinkage
codes such as the Nilsson 7-point scale [5], [21], or a target-
level formulation that forces the political aggregation to be
explicit. Our tool supports that work by giving domain experts
a per-document interface to inspect entanglement candidates.

c) Generality: The explainer is parametrised on three
inputs: a class set, a class-by-class interaction matrix, and a
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Fig. 3. The Methods panel showcasing two correction methods on the same paper (Asongu & Odhiambo [19], threshold 0.5). Top: graph correction (signed
propagation on the corpus-correlation matrix) drops the borderline false positive SDG 8 and keeps SDG 10. Bottom: per-document correction (neighbour and
entity evidence) also fixes SDG 8 but suppresses the true label SDG 10. Both remove the SDG 8 false positives, yet they target different failure modes.

per-class keyword dictionary. With no code changes, it applies
to any multi-label classification problem with a negotiation-
based taxonomy and a published interlinkage matrix (e.g.,
IPTC NewsCodes for news classification, or EU policy classifi-
cation on EUR-Lex). The same per-document, label-structure-
first perspective also transfers to other large multi-label text
settings where labels routinely co-occur, such as clinical ICD
coding [22]. In practice, the tool is a single self-contained
HTML file with no build step, server, or runtime dependencies:
a dataset is a generated JavaScript export dropped beside it,
and an embedded fallback set of documents makes it runnable
with zero configuration. We plan to release the explainer
together with its export schema so that any compatible SDG
(or other taxonomy) pipeline can drive it.

d) Coverage: Our keyword dictionary, derived from UN
indicator metadata, is fixed across documents; a learned per-
document key-phrase extractor would sharpen the lexical lens.

Corpus-level co-label statistics are computed only over the
loaded export, not the full Aurora corpus, and when a Pradhan-
style interlinkage matrix is substituted, it is itself an approxi-
mation and is contested [17].

e) Evaluation under overlapping classes: The standard
multi-label setup treats any prediction outside the gold set as
a false positive by construction. For taxonomies designed with
deliberate overlap—of which the SDGs are one instance—this
can understate performance: an off-gold prediction may be
a valid but unlabelled class rather than a model error. We
do not resolve which holds in any given case; with Aurora’s
silver, query-assigned labels, an off-gold prediction is equally
consistent with a missing-but-valid label, label noise, or a
true error. The contribution here is to make those competing
explanations inspectable per document.



V. CONCLUSION

We have presented an interactive explainer for multi-label
SDG document classification that surfaces, on demand, three
independent lenses on class entanglement (lexical, corpus-
correlation, and co-label). On a representative paper from
the Aurora corpus, all three lenses converge on the same
conclusion: the SDG that the model missed showed little
separation, by every measure available here, from the SDGs it
correctly produced. The explainer reframes the residual error
in SDG classification as a class-design question rather than a
model question, and provides a per-document interface for the
class redesign needed to address it.

Two extensions follow naturally from the current design.
First, a controlled user study with sustainability domain ex-
perts would quantify whether the three-lens drill-in actually
shifts expert beliefs about which classifier “errors” are di-
agnostic of model deficiency versus class-design artefacts.
Second, we plan a target-level (169-class) version of the drill-
in that exposes the within-goal aggregation explicitly: the
choice to roll target 5.6 (reproductive rights) and target 5.5
(women in leadership) into a single SDG 5 prediction is itself
a political aggregation worth surfacing.
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