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Abstract
Skills are widely assumed to play a central role in career transitions, motivating their use in career path prediction (CPP) systems. In this
work, we critically examine whether explicit skill representations provide complementary signal beyond text-based job representations.
We evaluate multiple strategies for incorporating skills into CPP models, including score fusion and neural architectures, under two
conditions: predicted skills and ground-truth ESCO annotations. Surprisingly, across two benchmark datasets, none of these settings
yield substantial improvements over strong text-only baselines. Even when using ground-truth skills, gains remain marginal and
inconsistent. Through detailed analysis, we identify key factors underlying this result: high redundancy between textual and skill
representations, limited discriminative power of ESCO’s taxonomy, and representational collapse in skill embeddings. Furthermore,
we find that skill prediction difficulty correlates with overall sample difficulty, limiting the potential for complementary signals. Our
findings challenge the common assumption that explicit skill modeling inherently benefits career prediction and suggest that dense text
representations already capture most skill-relevant information.
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1. Introduction
Career Path Prediction (CPP), the task of forecasting an indi-
vidual’s next occupation based on their professional history,
has gained increasing attention in both academia and indus-
try [1], [2]. Accurate CPP models enable a wide range of
applications, including personalized career guidance, work-
force planning, and talent management, to name a few ex-
amples. With the growing availability of large-scale career
data and advances in natural language processing (NLP),
recent approaches model career trajectories as sequences of
textual descriptions such as job titles and responsibilities,
learning predictive patterns directly from unstructured text.

Despite strong empirical performance, these text-based
approaches rely on an implicit assumption: that textual rep-
resentations sufficiently capture the underlying drivers of
career transitions. However, from a labor market perspec-
tive, skills—the transferable competencies acquired through
experience—are widely regarded as the primary mechanism
governing occupational mobility. This has led to a natu-
ral hypothesis: explicitly modeling skills should provide
additional, structured signal that improves career path pre-
diction beyond text-only baselines. Recent developments
make this hypothesis practically testable. Large-scale tax-
onomies such as ESCO 1 provide standardized mappings
between occupations and skills, while modern retrieval and
languagemodels enable the extraction of structured skill rep-
resentations from unstructured career histories. Together,
these advances suggest a promising direction: augmenting
CPP models with explicit skill information inferred from
text. However, obtaining reliable skill representations from
unstructured career histories is non-trivial, as the same role
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can be expressed in highly varied ways across individuals
and contexts. We address this through a retrieval-based
pipeline that grounds job titles and descriptions in ESCO
occupations, from which associated skills are derived. Hi-
erarchical occupational structure is further leveraged to
improve skill coverage and consistency.

In this work, we take a step back and critically examine
this assumption. Rather than focusing on improving skill
extraction, we ask a more fundamental question: do explicit
skill representations actually improve career path prediction,
and if not, why do they fail to provide complementary sig-
nal? To answer this, we conduct a systematic study across
multiple skill sources and integration strategies. Specifically,
we evaluate two settings: (1) predicted skills inferred from
occupations and (2) ground-truth ESCO skill annotations.
This allows us to disentangle the impact of skill quality
from the effectiveness of skill integration. Surprisingly, our
results show that none of these settings yield substantial im-
provements over strong text-only baselines. Even when using
ground-truth skills, gains remain marginal and inconsis-
tent. This finding challenges the common assumption that
explicit skill modeling inherently provides complementary
signal for CPP. To better understand this result, we per-
form an in-depth analysis and identify three key factors.
First, we observe a high degree of redundancy between tex-
tual and skill representations, suggesting that modern text
embeddings already encode much of the relevant skill in-
formation. Second, we find that skill embeddings exhibit
limited discriminative power, often collapsing into coarse
occupational clusters. Third, we show that improvements
from skill-based signals occur primarily in lower-ranked pre-
dictions, while degrading performance in the most critical
top-k region.

Taken together, our findings suggest that the limited effec-
tiveness of skill-enhanced CPP is not merely due to imper-
fect skill extraction, but reflects a more fundamental issue
in how skills are represented and utilized in current models.
This has important implications for the design of skill-aware
recommender systems and calls for a re-evaluation of how
structured knowledge is integrated with dense representa-
tions.
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2. Related Work

2.1. Career Path Prediction
Career path prediction has evolved from structured se-
quence modeling toward text-based representation learn-
ing. Earlier work uses structured representations such as
occupation graphs, skill graphs, factorization models, and
recurrent sequence models to capture transitions between
jobs [3, 4, 5, 6, 7, 8]. More recent work has shifted toward
textual occupation representations and retrieval-based for-
mulations of CPP [9, 1].

Skills are widely regarded as a natural bridge between
candidate profiles and occupational requirements, motivat-
ing their integration into career and job recommendation
systems [9, 10]. Prior work shows that career trajectories
encode latent preferences beyond current qualifications [11],
while skill-aware representation learning improves the mod-
eling of occupational similarity and person-job fit [10, 12].
Furthermore, Zadykian et al. [13] demonstrate that exploit-
ing the ESCO skill hierarchy through graph neural networks
improves job-title matching, suggesting that taxonomic skill
information provides complementary signal beyond text em-
beddings. Most closely related to our work, Decorte et al. [9]
combine text-based career representations with ESCO skill-
overlap features and report improvements over text-only
models. However, their evaluation assumes pre-mapped
ESCO occupations rather than free-text career histories.
Building on the text-only system of Senger et al. [1], we
examine whether skill integration yields consistent gains
under more realistic grounding conditions across two bench-
mark datasets.

2.2. Skill Extraction and Grounding
Mapping free-text job information to standardized tax-
onomies is a core challenge in labor market analysis. Rather
than extracting explicit skill mentions from text, grounding-
based approaches retrieve the most semantically similar
ESCO occupations or skills for a given job title and de-
scription, leveraging dense retrieval models fine-tuned on
occupation-skill corpora. TalentCLEF 2025 [2] provides a
shared task benchmark covering both job-to-occupation and
job-to-skill mapping, with top-performing systems demon-
strating that retrieval-based grounding achieves competitive
results on ESCO standardization. However, grounding qual-
ity remains imperfect — even state-of-the-art systems score
below 0.5 MAP on skill matching [14] — which directly lim-
its the quality of skills available for downstream tasks such
as CPP. Our pipeline adopts this grounding-based paradigm,
combining job-to-occupation and job-to-skill retrieval with
hierarchical fusion over ESCO’s taxonomic structure.

3. Methodology
We treat CPP as an occupation-ranking task over ESCO.
Given a time-ordered career history, where each experience
contains a job title and optionally a description, the model
ranks candidate ESCO occupations according to their likeli-
hood of being the next occupation. We treat skill inference
as a retrieval problem over ESCO skills: for each job experi-
ence, the system ranks skills that are likely to be relevant.
ESCO distinguishes between essential and optional skills;
we consider both as positive skill evidence. Skill-enhanced
CPP then evaluates whether adding predicted or oracle skills

to text-based career representations improves the final oc-
cupation ranking. The following paragraphs describe the
methods used to test this.

Skill Prediction Pipeline We adopt amulti-step retrieval
pipeline grounded in the ESCO taxonomy, building on the
job-to-skill and job-to-occupation retrieval tasks of Talent-
CLEF 2025 [2]. We first retrieve candidate ESCO skills for
each job experience via dense semantic retrieval (job-to-
skill matching). We then apply occupation-mediated fil-
tering: job experiences are mapped to their most similar
ESCO occupations, and the resulting occupation-skill asso-
ciations constrain the candidate pool to domain-relevant
skills. Finally, ISCO codes are predicted from free-text job
representations using a trained neural classifier, and the
predicted ISCO group distribution is used to reweight the
filtered skill candidates, exploiting the hierarchical struc-
ture of the taxonomy. This configuration was selected after
comparing it against simpler alternatives: direct retrieval
alone substantially underperforms (MAP 0.157), occupation-
mediated filtering alone already recovers most of the gain
(MAP 0.408–0.428 depending on the grounding encoder),
and ISCO-weighted reweighting adds a further, smaller im-
provement (MAP up to 0.452). Building on this pipeline,
we evaluate multiple skill prediction variants to analyze
how skill prediction quality affects downstream CPP perfor-
mance.

Skill-Enhanced Career Path Prediction We build on
the strong text-only MLP of Senger et al. [1] as our baseline,
which encodes career histories via a sentence transformer
and ranks candidate ESCO occupations by cosine similarity.
We investigate several strategies for incorporating predicted
skill information into this framework, ranging from score
fusion to neural architectures.

Skill Overlap and Fusion Following Decorte et al. [9],
we implement a skill overlap baseline that measures the frac-
tion of a target occupation’s ESCO-defined skills covered
by the predicted skills accumulated across the candidate’s
career history. This provides an explicit skill alignment sig-
nal independent of text-based representations. We combine
this signal with the text-based model score using two fusion
strategies: linear interpolation (similar to Decorte et al. [9])
and multiplicative reweighting. Fusion hyperparameters
are selected via grid search on the validation set, optimising
for MRR.

Skill-Enhanced Neural Models We extend the strong
text-only MLP baseline with skill-aware variants, exploring
two orthogonal design dimensions: how skills are encoded,
and how they are fused with career text representations.

Regarding how skills are encoded, we evaluate two alter-
native approaches to encode skills into a single represen-
tation. Skill pooling encodes each predicted skill indepen-
dently via a pretrained sentence transformer and aggregates
them into a single embedding via weighted pooling across
the career history, where weights reflect retrieval confi-
dence, skill specificity (IDF scores), and job recency (loga-
rithmic job-order decay). Skill concatenation instead joins
the top-𝑘 predicted skills into a single string and encodes
it in one pass, allowing the encoder to capture inter-skill
relationships within context.



Both strategies are combined with the career text embed-
ding using either early fusion, concatenating both embed-
dings into a single MLP input, or late fusion, where separate
MLP stacks process each modality independently before a
shared projection layer. All models are trained using cosine
similarity against target occupation embeddings.

4. Experimental Setup
Datasets and Taxonomy We evaluate our approach on
two publicly available datasets linked to the ESCO tax-
onomy: DECORTE [9] and KARRIEREWEGE+ [1]. Both
datasets provide career histories mapped to standardized
ESCO occupation labels. We primarily report results on
DECORTE, as it includes human-written free-text job de-
scriptions and therefore better reflects real-world resume
data. The dataset contains 2,164 career histories with 9,885
job experiences mapped to 1,155 unique ESCO occupations.
We use the official train/validation/test splits and follow
prior work by augmenting training data with sub-sequences
of career histories. KARRIEREWEGE+ provides a comple-
mentary larger-scale dataset built from anonymized Ger-
man employment records; career trajectories are real, but
job titles and descriptions are synthetically generated to
provide free-text input. It comprises 99,997 career histories
with 502,641 job experiences mapped to 1,189 unique ESCO
occupations, used to assess generalisability.

The ESCO taxonomy serves both as the label space for
occupation prediction and as the source of skill information.
It contains over 3,000 occupations and nearly 14,000 skills,
linked through essential and optional relations. Following
prior work, we treat both relation types as positive signals.

Evaluation Metrics We evaluate CPP with Mean Recip-
rocal Rank (MRR) and Recall@𝑘, standard ranking metrics
that capture top-rank precision and whether the target ap-
pears among the top-𝑘 recommendations. Skill prediction
is evaluated with Mean Average Precision (MAP), which
captures ranking quality across the full set of relevant skills.

Career Path Prediction Setup In the text-based frame-
work of Senger et al. [1], each job experience is formatted
as a concatenation of title and description, encoded using
MPNet-Decorte,2 a sentence transformer [15] contrastively
trained on free-text career data. AnMLPmaps career history
embeddings to occupation embeddings; candidate occupa-
tions are ranked at inference by cosine similarity against
precomputed ESCO occupation embeddings. For all runs,
we use batch size 16, learning rate 2×10−5, hidden dimen-
sion 512, single hidden layer, and dropout 0.1, trained with
Cosine Embedding Loss and early stopping (patience 2) on
validation loss; this configuration follows Senger et al. [1],
as deeper networks consistently underperformed in pre-
liminary experiments. Training data is augmented with
contiguous career path sub-sequences of minimum length
2. We evaluate on both the augmented test split (𝑁=1,802)
and the original clean split (𝑁=227).

Skill Prediction and Integration We evaluate our
skill extraction pipeline (Section 3) on DECORTE using
MAP, comparing direct job-to-skill retrieval against ISCO-
weighted fusion variants. For downstreamCPP experiments,

2https://huggingface.co/ElenaSenger/career-path-representation-mpnet-decorte

we use the JobBERT-based ISCO-weighted fusion (H2, MAP
0.435), which yields better discriminative signal for occupa-
tion ranking than the highest-MAP configuration (JobGTE
+ H2, MAP 0.452). To disentangle skill quality from inte-
gration strategy, we additionally evaluate an oracle condi-
tion using skills derived from gold ESCO occupation labels,
applied to the score fusion setting. We evaluate two inte-
gration strategies: (i) Score fusion, combining text-based
and skill overlap scores with hyperparameters selected by
grid search optimising for MRR; and (ii) Skill-enhanced
neural models, extending the MLP with skill embeddings
as described in Section 3, with the best configuration further
tuned using Optuna.

5. Results

5.1. Text-Only Baseline
On DECORTE, we first reproduce the text-only baseline
from [1], achieving comparable performance (MRR 0.266 vs.
0.256 reported); corresponding results on KARRIEREWEGE+
follow in Section 5.4. Including job descriptions improves
performance over titles alone (MRR 0.266 vs. 0.224), high-
lighting the importance of richer textual context. Results
on the clean test split are slightly higher in MRR (0.276 vs.
0.266) and R@5 (0.374 vs. 0.356), but show lower recall at
larger cutoff (R@10 0.414 vs. 0.420, from Table 1).

5.2. Skill Overlap Scoring
We evaluate skill overlap both as a standalone signal and
in combination with text-based predictions. Using ground-
truth ESCO skills as an oracle yields substantially lower
performance than the text-only model (MRR 0.198 vs. 0.266).
Using predicted skills further reduces performance, with
direct retrieval performing poorly due to noise.

Applying filtering and taxonomic fusion improves skill-
based scoring, with the best configuration approaching or-
acle performance. However, all variants remain below the
text-only baseline. When combined with text-based predic-
tions, skill overlap provides no measurable improvement.
Fusion methods consistently assign negligible weight to the
skill component.

5.3. Skill-Enhanced Neural Models
We evaluate MLP models augmented with skill representa-
tions, varying both the skill integration method (pooling vs.
concatenation) and the fusion architecture (early vs. late),
as described in Section 3. Table 1 reports results for the best
configuration of each integration method.

Overall, skill-enhanced models achieve only marginal im-
provements over the text-only baseline. On the augmented
test split, differences are negligible (MRR 0.270 vs. 0.266).
On the clean split, gains are somewhat larger (up to MRR
0.287 with log-weighted pooling), but correspond to only a
handful of additional correct predictions given the smaller
sample size (𝑁=227).

Comparing integration methods, skill pooling consis-
tently outperforms concatenation on MRR (0.270 vs. 0.262
augmented; 0.283 vs. 0.278 clean), while concatenation
achieves the better R@10 (0.449 vs. 0.427 clean). This sug-
gests skills can occasionally help recover the correct occu-
pation at lower ranks, but do not sharpen top-1 predictions,
consistent with the redundancy we examine in Section 6.

https://huggingface.co/ElenaSenger/career-path-representation-mpnet-decorte


Table 1
Skill-enhanced MLP results, by skill integration method. For each method, the best-performing configuration is reported.

Augmented Clean
Dataset Configuration MRR R@5 R@10 MRR R@5 R@10

DECORTE
Text-only baseline 0.266 0.356 0.420 0.276 0.374 0.414
Skill Pooling 0.270 0.356 0.426 0.283 0.396 0.427
Concatenated Encoding 0.262 0.342 0.425 0.278 0.392 0.449

KARRIEREWEGE+
Text-only baseline 0.439 0.527 0.604 0.334 0.425 0.502
Skill Pooling 0.438 0.525 0.602 0.334 0.421 0.502
Concatenated Encoding 0.441 0.529 0.607 0.338 0.427 0.508

Fusion architecture (early vs. late) and encoder choice
have comparatively little effect: differences between con-
figurations within each integration method are within 0.01
MRR, smaller than the gap between integration methods
themselves. Task-specific skill encoders (pjmath-BGE) mod-
estly outperform general-purpose alternatives, but all con-
figurations remain close to the text-only baseline.

Across configurations, results are largely stable:

• Different encoders yield similar performance, with
slight advantages for task-specific models.

• Early and late fusion architectures perform compa-
rably.

• Pooling and weighting strategies have minimal im-
pact.

5.4. Scalability on Larger Data
To assess whether our findings generalize beyond
DECORTE, we extend evaluation to KARRIEREWEGE+,
which is ∼40× larger (𝑁≈100,000 career histories) but uses
LLM-paraphrased synthetic descriptions rather than free
text. Since dataset size and text type differ simultaneously,
this comparison indicates whether the pattern holds at scale
rather than isolating the effect of scale itself.

Absolute performance is substantially higher than on
DECORTE (text-only MRR 0.439 vs. 0.266), likely reflect-
ing easier career trajectories in KARRIEREWEGE+, where
transitions remain within the same occupation more of-
ten than in DECORTE [1]. Skill enhancement again yields
only marginal gains: concatenation improves MRR by 0.5%
(0.441 vs. 0.439) on the augmented split and 1.2% (0.508 vs.
0.502) on clean, while pooling shows no improvement. Both
effects are smaller than on DECORTE (+1.5% and +4.0% re-
spectively), suggesting that skill redundancy is, if anything,
more pronounced with synthetic text. As on DECORTE,
hybrid fusion of text and skill-overlap scores converges to
fully ignoring the skill component (𝛼 = 1.0), confirming
that skill-based scoring provides no complementary signal
at this scale either.

6. Discussion
This section examines why skill integration yields limited
gains, analyzing prediction scores, embedding representa-
tions, and a structural limitation in skill attribution. Across
these analyses, a consistent picture emerges: the limited
effect of skill integration is not an artifact of model archi-
tecture or skill prediction quality, but reflects a deeper re-
dundancy between textual and skill-based signals.

6.1. Signal Redundancy
To understand why skill enhancement fails to improve ag-
gregate performance, we examine the relationship between
text-based and skill-based prediction signals. For each test
sample, we compute the Spearman correlation [16] between
the ranking scores produced by the text-only and skill-only
models across all candidate occupations. The mean correla-
tion is 0.79 (median 0.84), indicating that the two modalities
share roughly 80% of their ranking signal. This redundancy
explains why explicitly adding skill information provides
limited complementary value: contrastively-trained text en-
coders already capture much of what predicted skills offer.

Contingency analysis of top-1 correctness reinforces this
picture. The two models agree in 90.9% of cases (both cor-
rect: 12.4%; both incorrect: 78.5%); text-only corrects the
skill-only model’s errors in 6.2% of samples, while the re-
verse occurs in only 2.9%. This 2.9% represents the maxi-
mum achievable improvement from skill integration under
any fusion strategy, and is consistent with the marginal
gains observed. Where models disagree, text-only is also
more reliable (10.5% vs. 5.0% accuracy on the disagreement
set), so a hybrid model correctly defers to text-based sig-
nal in most conflict cases. This deference extends to can-
didate selection itself: across 𝑘 ∈ {5, 10, 20}, the hybrid
model’s candidate sets consistently align more closely with
text-only (63.0–66.5% Jaccard overlap) than with skill-only
(45.8–51.0%), confirming that score fusion draws its predic-
tions predominantly from the text modality regardless of
cutoff.

Redundancy is not uniform across all cases, however.
Stratifying by career trajectory type (Table 4) shows that
skill enhancement provides its largest benefit for regres-
sions, i.e., transitions from managerial to non-managerial
roles (+0.020 MRR)—the only trajectory type with a clear
positive effect, plausibly because shifting skill profiles signal
downward mobility that text alone underrepresents. This
benefit is confined to a small subset (13.8% of samples), how-
ever, and is offset by slight degradation on the dominant
lateral transitions (78.6%), as well as on occupations with
distinctive skill profiles more broadly, such as Cooks (+0.185
MRR).

6.2. Discriminative Power and
Confident-Prediction Disruption

Beyond aggregate redundancy, we examine whether skill-
only predictions are well-calibrated, i.e., whether the mar-
gin between the top- and second-ranked candidate reliably
signals correctness. Skill-only trails text-only on accuracy
(0.154 vs. 0.186), mean margin (0.057 vs. 0.065), and calibra-
tion correlation between margin and correctness (0.213 vs.



0.00 0.05 0.10 0.15 0.20 0.25

Margin (Top1 - Top2 Score)

0

2

4

6

8

10

12

14

D
en

si
ty

Text-only Model

Correct (N=335)
Incorrect (N=1467)

0.00 0.05 0.10 0.15 0.20 0.25

Margin (Top1 - Top2 Score)

Skill-only Model

Correct (N=277)
Incorrect (N=1525)

0.00 0.05 0.10 0.15 0.20 0.25

Margin (Top1 - Top2 Score)

Hybrid Model

Correct (N=334)
Incorrect (N=1468)

Discriminative Power: Margin Distribution for Correct vs. Incorrect Predictions

Figure 1: Discriminative power analysis via score margins (𝑀 = 𝑠𝑡𝑜𝑝−1 − 𝑠𝑡𝑜𝑝−2). Distributions show the density of correct predictions
(green) versus incorrect ones (red) for Text, Skill, and Hybrid models. A higher margin for correct predictions indicates superior calibration
and decision certainty. The sharper separation in the Text-only model signifies higher discriminative power, whereas the overlap in the
Skill-only model suggests lower certainty in distinguishing between occupational classes.

0.276). As Figure 1 shows, skill-only margins concentrate
narrowly around 0.05 regardless of outcome, while text-
only exhibits a flatter distribution with clearer separation
between correct and incorrect predictions.

This has a concrete effect on performance: skill enhance-
ment tends to hurt cases where the text encoder is already
confident. When the target occupation matches the most
recent one (same-role continuation, 𝑁=290), text-only alone
already reaches MRR 0.713, yet skill enhancement lowers
performance here (−0.013MRR, −1.4% R@1). On the harder
and far more common role-change scenario (𝑁=1,512), the
benefit is marginal (+0.002 MRR). Because straightforward
cases make up most of the test set, this pattern anticipates
the rank-movement results below: skill enhancement dis-
rupts predictions the text model is already getting right.

6.3. The Rank Movement Paradox
This disruption pattern is visible at the rank level as well:
tracking how skill integration moves the rank of the cor-
rect occupation reveals where these effects occur. For each
test sample, we compare the rank of the target occupation
under the text-only and hybrid models (Figure 2). More sam-
ples improve (43.3%, average +55.4 positions) than degrade
(32.1%, average −39.1 positions), which would suggest a net
benefit.

The two types of movement, however, occur in different
regions of the ranking, so this apparent advantage does not
translate into metric gains. Improvements typically lift the
target from very low ranks (e.g., position 500 to 450), which
affects neither MRR nor Recall@𝑘. Degradations, by con-
trast, cluster near the top of the ranking (e.g., position 8 to 12,
or 1 to 3), directly harming both metrics. Skill enhancement
therefore tends to help in metric-insensitive regions while
occasionally disrupting confident, high-ranked predictions—
explaining the paradox of more rank improvements than
degradations without any corresponding aggregate gain.

6.4. Representational Collapse and Target
Misalignment

A complementary explanation for skill enhancement’s lim-
ited effect lies in the geometry of the skill embeddings them-
selves. Text embeddings spread variance broadly across
principal components ((Table 2; 38.6% explained by the top

Figure 2: Rank dynamics between text-only and hybrid mod-
els. (A) Frequency of improved vs. degraded samples by initial
rank bucket. (B) Distribution of rank displacement magnitude.
Degradations concentrate in high-rank buckets (1–10) but are
individually small; improvements occur mainly in low-rank buck-
ets and involve larger shifts that are metric-insensitive.

Table 2
PCA cumulative explained variance comparison between text and
skill embeddings.

Embedding Top 10 Top 20 Top 50

Text 38.6% 53.7% 73.7%

Pooled Skills (pjmath-BGE)
Mean pooling 80.0% 91.6% 98.1%
Weighted IDF 77.3% 90.0% 97.7%
Log pooling 76.2% 89.1% 97.3%

Concatenated Skills (MPNet-Decorte)
Top-10 weighted 54.4% 68.6% 84.8%

10), while pooled skill embeddings concentrate variance
sharply (76.2–80.0% in the top 10, depending on pooling
strategy). Pairwise cosine similarity confirms this collapse
— text embeddings average 0.072 similarity between distinct
samples, while pooled skill embeddings average 0.88–0.91,
meaning skill representations for different career histories
are nearly indistinguishable from one another (Figure 3).
Concatenated skill encoding partially mitigates this collapse
(54.4% variance in top 10 components; mean pairwise sim-
ilarity 0.655) but remains substantially less discriminative
than text (Figure 4).

This collapse compounds with redundancy: the mean
cosine similarity between a career’s text and skill embed-
ding is 0.397, indicating that a substantial share of the skill
embedding’s content is already present in the text embed-



Figure 3: Pairwise cosine similarity and PCA projections for text vs. pooled skill embeddings. Pooled skill embeddings
(𝜇 ≈ 0.90) shift dramatically toward near-identical representations compared to text (𝜇 = 0.07); PCA projections show text
embeddings spanning the latent space broadly while skill embeddings collapse into constrained, structured clusters.

Table 3
Performance by skill genericness quartile (DECORTE-based IDF).
Higher genericness correlates with better performance across all
models, reflecting dataset composition rather than skill utility.

Quartile TEXT Acc@1 SKILL Acc@1 HYBRID Acc@1

Q1 (Specific) 11.75% 10.20% 12.20%
Q2 16.89% 11.11% 16.44%
Q3 20.89% 14.89% 19.33%
Q4 (Generic) 24.83% 23.50% 23.95%

ding. Finally, text embeddings are consistently closer to
target occupation embeddings than skill embeddings (mean
similarity 0.355 vs. 0.256), meaning text representations are
simply better positioned in the latent space that ranking
depends on. Together, these properties — low variance, re-
dundancy with text, and weaker target alignment — explain
why skill embeddings struggle to contribute discriminative
signal regardless of integration strategy.

6.5. Skill Genericness and Sample Difficulty
A counterintuitive pattern emerges when stratifying per-
formance by skill genericness, computed as the normalized
inverse document frequency of predicted skills in DECORTE.
Career paths with more generic skills (e.g., manage budgets,
manage staff ) achieve substantially higher accuracy across
all models than those with specific skills (text-only Acc@1:
24.8% for the most generic quartile vs. 11.8% for the most
specific), inverting the expected relationship in which spe-
cific skills should provide stronger discriminative signal
(Table 3).

This pattern is explained by dataset composition rather
than skill utility: generic skills concentrate in well-

Table 4
Skill enhancement effect by career trajectory type. Progression
= target is Manager but last job is not; Regression = last job is
Manager but target is not.

Trajectory Type Samples MRR𝑇 ΔMRR

Lateral/Same-Level 1,291 0.298 −0.003
Progression (to Manager) 263 0.216 −0.004
Regression (from Manager) 248 0.150 +0.020

represented occupation categories (e.g., Managers, Profes-
sionals) that dominate DECORTE, giving these career tran-
sitions more training examples and making them inherently
easier to predict regardless of method. Correctly predicted
samples have significantly lower genericness on average
than incorrect ones across all models, including text-only (p
<0.001), confirming that genericness is a proxy for sample
difficulty rather than a property of skill usefulness. A simi-
lar pattern holds for skill prediction confidence: text-only
and skill-only accuracy improve in parallel from low- to
high-confidence quartiles, indicating that confidence, too,
reflects how easy a sample is overall rather than the quality
of the skill signal specifically.

6.6. The Grounding Assumption Limitation
A further limitation is structural rather than representa-
tional. Our skill prediction pipeline attributes skills at the
occupation level: job titles are mapped to their most similar
ESCO occupations, and skills are inherited from this pre-
diction rather than extracted from the individual’s actual
described competencies. Two individuals holding the same
job title therefore receive identical predicted skill sets, even
if their real career histories differ. This grounding assump-



Figure 4: Pairwise cosine similarity and PCA projections for text vs. concatenated skill embeddings. Even after mitigating
collapse via IDF-weighted concatenation (𝜇 = 0.66), the skill modality remains more concentrated than text (𝜇 = 0.07), lacking
the same latent diversity.

Table 5
Skill enhancement effect by target ISCO-1 group (DECORTE test
set). The four smallest ISCO-1 categories (Armed Forces, Agricul-
ture, Craft & Trades, Machine Operators; 57 samples combined)
are omitted due to insufficient sample size for reliable estimates.

Category Count MRR𝑇 ΔMRR

Professionals 617 0.309 +0.012
Managers 468 0.323 −0.014
Technicians 351 0.206 +0.004
Clerical Support 159 0.195 +0.005
Service & Sales 137 0.194 −0.028
Elementary 13 0.119 +0.059

tion caps the ceiling on complementary signal independent
of model quality. Even a perfect occupation classifier would
only recover the skills associated with an occupation in
general, not those specific to the individual.

This limitation is consistent with the rank movement
findings in Section 6.3: skill enhancement recovers targets
from very low ranks but rarely sharpens discrimination
among similar occupations in the critical top-𝑘 region. Re-
lated occupations in ESCO share substantial skill overlap
by construction, so occupation-level skill attribution may
identify the correct general neighborhood while lacking
the granularity to distinguish between close alternatives —
precisely the distinction that MRR and Recall@𝑘 reward.

6.7. Implications for Skill-Aware
Recommender Design

These findings suggest two practical takeaways for practi-
tioners building skill-aware recommender systems. First,
explicit skill features should not be assumed to improve

performance uniformly; their utility varies by occupational
category (Table 5), helping Professionals the most (+0.012
MRR) while degrading Service & Sales (−0.028). Checking
redundancy at the category level, for instance via the score
correlation introduced in Section 6.1, is a cheap diagnostic
before investing in skill-prediction infrastructure for a given
domain. Second, since skill enhancement helps primarily in
metric-insensitive regions of the ranking while occasionally
harming high-confidence predictions (Section 6.3), selective
integration that applies skill information only when textual
confidence is low may be more productive than blanket
fusion.

6.8. Comparison with Prior Literature
Decorte et al. [9] report a text-only baseline of MRR 0.247,
improved to 0.274 by adding skill overlap. The text-only
baseline we build on [1], which we reproduce at MRR 0.266,
already exceeds their text-only result and approaches their
skill-enhanced result without using any skill information.
In addition, the two studies rely on different ESCO tax-
onomy versions (v1.1.2 vs. our v1.2.0), so the underlying
occupation-skill associations are not directly comparable.
Together, these differences suggest that skill contribution is
highly sensitive to the strength of the text encoder and the
taxonomy version used. Rather than being at odds with our
findings, this pattern reinforces them: skill overlap appears
to add value when the text representation leaves more head-
room, and its contribution diminishes as the text encoder
becomes more expressive, consistent with the redundancy
we report in Section 6.1.



7. Limitations
This study has threemain limitations. First, we report single-
run results without significance tests or variance estimates
across random seeds, so small differences (e.g., 0.005–0.01
MRR) should be interpreted with caution. We mitigate this
with an informal robustness argument: the same pattern,
marginal and inconsistent gains from skill integration, holds
across two datasets (DECORTE and KARRIEREWEGE+),
multiple integration strategies (score fusion, skill pooling,
skill concatenation), and both oracle and predicted skill
conditions. This cross-setting consistency makes it unlikely
that our central finding is an artifact of a single noisy run,
though it does not substitute for formal statistical testing.

Second, our oracle condition is evaluated primarily in the
score fusion setting (Section 4). In early exploratory runs,
we also combined oracle skills with a neural architecture
using ESCO-grounded job representations, but observed no
improvement, consistent with the circularity discussed in
Section 6.6: skills derived from the occupation label add
little when the job representation already encodes that oc-
cupation. This motivated our focus on free-text job repre-
sentations, where occupational identity is less deterministic
and skill information has more room to contribute.

Third, our experiments build on a single text-only base-
line architecture, the MLP model of Senger et al. [1]. It
remains an open question whether our findings generalize
to other CPP architectures.

8. Conclusion
We presented a systematic study of occupation-derived skill
integration for career path prediction, finding that explicit
skill integration provides only marginal and inconsistent
gains over strong text-only baselines, even under oracle
conditions with ground-truth skills. Our error analysis
attributes this to high redundancy between textual and
skill-based signals and severe representational collapse in
skill embeddings. These findings suggest that practitioners
should not assume skill features improve CPP by default,
and that future work should explore selective integration
strategies targeting cases of textual uncertainty, as well as
skill signals extracted directly from individual career narra-
tives rather than inherited from occupation labels.

Acknowledgments
We thank the reviewers for their insightful feedback. Elena
Senger acknowledges financial support with funds provided
by the German Federal Ministry for Economic Affairs and
Climate Action due to an enactment of the German Bun-
destag under grant 46SKD127X (GENESIS).

Declaration on Generative AI
During the preparation of this work, the author(s) used
Claude (Anthropic) in order to: assist with drafting and
restructuring text, condense source material into prose, and
perform grammar and language editing. After using this
tool, the author(s) reviewed and edited all content as needed
and take(s) full responsibility for the publication’s content.

References
[1] E. Senger, Y. Campbell, R. van der Goot, B. Plank, To-

ward more realistic career path prediction: evaluation
and methods, Frontiers in Big Data Volume 8 - 2025
(2025). URL: https://www.frontiersin.org/journals/
big-data/articles/10.3389/fdata.2025.1564521. doi:10.
3389/fdata.2025.1564521.

[2] L. Gasco, H. Fabregat, L. García-Sardiña, P. Estrella,
D. Deniz, A. Rodrigo, R. Zbib, Overview of the talent-
clef 2025: Skill and job title intelligence for human
capital management, 2025. URL: https://arxiv.org/abs/
2507.13275. arXiv:2507.13275.

[3] M. de Groot, J. Schutte, D. Graus, Job posting-
enriched knowledge graph for skills-based match-
ing, ArXiv abs/2109.02554 (2021). URL: https://api.
semanticscholar.org/CorpusID:237420688.

[4] A. Gugnani, V. K. Reddy Kasireddy, K. Ponnalagu, Gen-
erating unified candidate skill graph for career path
recommendation, in: 2018 IEEE International Confer-
ence on Data Mining Workshops (ICDMW), 2018, pp.
328–333. doi:10.1109/ICDMW.2018.00054.

[5] L. Li, H. Jing, H. Tong, J. Yang, Q. He, B.-C. Chen,
Nemo: Next career move prediction with contex-
tual embedding, in: Proceedings of the 26th In-
ternational Conference on World Wide Web Com-
panion, WWW ’17 Companion, International World
Wide Web Conferences Steering Committee, Repub-
lic and Canton of Geneva, CHE, 2017, p. 505–513.
URL: https://doi.org/10.1145/3041021.3054200. doi:10.
1145/3041021.3054200.

[6] M. T. Cerilla, A. Santillan, C. J. Vinas, M. B. D. Fuente,
Career path modeling and recommendations with
linkedin career data and predicted salary estimations,
in: K. Maughan, R. Liu, T. F. Burns (Eds.), The First
Tiny Papers Track at ICLR 2023, Tiny Papers @ ICLR
2023, Kigali, Rwanda, May 5, 2023, OpenReview.net,
2023.

[7] L. Zhang, D. Zhou, H. Zhu, T. Xu, R. Zha, E. Chen,
H. Xiong, Attentive heterogeneous graph embedding
for job mobility prediction, in: Proceedings of the 27th
ACM SIGKDD Conference on Knowledge Discovery
& Data Mining, KDD ’21, Association for Computing
Machinery, New York, NY, USA, 2021, p. 2192–2201.
URL: https://doi.org/10.1145/3447548.3467388. doi:10.
1145/3447548.3467388.

[8] R. Schellingerhout, V.Medentsiy, M.Marx, Explainable
career path predictions using neural models., in: HR@
RecSys, 2022.

[9] J.-J. Decorte, J. V. Hautte, J. Deleu, C. Develder,
T. Demeester, Career path prediction using re-
sume representation learning and skill-based match-
ing, 2023. URL: https://arxiv.org/abs/2310.15636.
arXiv:2310.15636.

[10] Z. Guan, J.-Q. Yang, Y. Yang, H. Zhu, W. Li, H. Xiong,
Jobformer: Skill-aware job recommendation with
semantic-enhanced transformer, 2024. URL: https://
arxiv.org/abs/2404.04313. arXiv:2404.04313.

[11] Z. Gong, Y. Song, T. Zhang, J.-R. Wen, D. Zhao, R. Yan,
Your career path matters in person-job fit, in: Pro-
ceedings of the 38th AAAI Conference on Artifi-
cial Intelligence, AAAI Press, 2024, pp. 8363–8371.
doi:10.1609/aaai.v38i8.28685.

[12] A. Gugnani, H. Misra, Implicit skills extrac-
tion using document embedding and its use in

https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2025.1564521
https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2025.1564521
http://dx.doi.org/10.3389/fdata.2025.1564521
http://dx.doi.org/10.3389/fdata.2025.1564521
https://arxiv.org/abs/2507.13275
https://arxiv.org/abs/2507.13275
http://arxiv.org/abs/2507.13275
https://api.semanticscholar.org/CorpusID:237420688
https://api.semanticscholar.org/CorpusID:237420688
http://dx.doi.org/10.1109/ICDMW.2018.00054
https://doi.org/10.1145/3041021.3054200
http://dx.doi.org/10.1145/3041021.3054200
http://dx.doi.org/10.1145/3041021.3054200
https://doi.org/10.1145/3447548.3467388
http://dx.doi.org/10.1145/3447548.3467388
http://dx.doi.org/10.1145/3447548.3467388
https://arxiv.org/abs/2310.15636
http://arxiv.org/abs/2310.15636
https://arxiv.org/abs/2404.04313
https://arxiv.org/abs/2404.04313
http://arxiv.org/abs/2404.04313
http://dx.doi.org/10.1609/aaai.v38i8.28685


job recommendation, in: Proceedings of the
Thirty-Second Innovative Applications of Artificial
Intelligence Conference (IAAI-20), Association for
the Advancement of Artificial Intelligence, 2020,
pp. 13286–13293. URL: https://cdn.aaai.org/ojs/7038/
7038-13-10267-1-10-20200526.pdf. doi:10.1609/aaai.
v34i08.7038.

[13] V. Zadykian, B. Andrade, H. Afli, Towards explain-
able job title matching: Leveraging semantic tex-
tual relatedness and knowledge graphs, 2025. URL:
https://arxiv.org/abs/2509.09522. arXiv:2509.09522.

[14] P. Vachharajani, pjmathematician at talentclef 2025:
Enhancing job title and skill matching with gistembed
and llm-augmented data, in: Working Notes of the
CLEF 2025 Labs andWorkshops, volume 4038 of CEUR
Workshop Proceedings, CEUR-WS.org, 2025. URL: https:
//ceur-ws.org/Vol-4038/paper_375.pdf.

[15] N. Reimers, I. Gurevych, Sentence-bert: Sentence em-
beddings using siamese bert-networks, 2019. URL:
https://arxiv.org/abs/1908.10084. arXiv:1908.10084.

[16] C. Spearman, The proof and measurement of associ-
ation between two things, American Journal of Psy-
chology 15 (1904) 72–101. doi:10.2307/1412159.

https://cdn.aaai.org/ojs/7038/7038-13-10267-1-10-20200526.pdf
https://cdn.aaai.org/ojs/7038/7038-13-10267-1-10-20200526.pdf
http://dx.doi.org/10.1609/aaai.v34i08.7038
http://dx.doi.org/10.1609/aaai.v34i08.7038
https://arxiv.org/abs/2509.09522
http://arxiv.org/abs/2509.09522
https://ceur-ws.org/Vol-4038/paper_375.pdf
https://ceur-ws.org/Vol-4038/paper_375.pdf
https://arxiv.org/abs/1908.10084
http://arxiv.org/abs/1908.10084
http://dx.doi.org/10.2307/1412159

	1 Introduction
	2 Related Work
	2.1 Career Path Prediction
	2.2 Skill Extraction and Grounding

	3 Methodology
	4 Experimental Setup
	5 Results
	5.1 Text-Only Baseline
	5.2 Skill Overlap Scoring
	5.3 Skill-Enhanced Neural Models
	5.4 Scalability on Larger Data

	6 Discussion
	6.1 Signal Redundancy
	6.2 Discriminative Power and Confident-Prediction Disruption
	6.3 The Rank Movement Paradox
	6.4 Representational Collapse and Target Misalignment
	6.5 Skill Genericness and Sample Difficulty
	6.6 The Grounding Assumption Limitation
	6.7 Implications for Skill-Aware Recommender Design
	6.8 Comparison with Prior Literature

	7 Limitations
	8 Conclusion

