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Abstract

Accurate job grading and evaluation are essen-
tial for ensuring fair compensation in Human
Resources (HR) planning. In this research, we
propose to improve job evaluation by semi-
automating a manual, time-consuming, and in-
consistent process with text-based classification
models. We address three prediction tasks: job
title classification, grading, and compensation
prediction. For job title classification, we fine-
tune a RoBERTa model for classification and
use Gemini to generate synthetic job descrip-
tions for rare job titles. For grade and com-
pensation prediction, we compare TF-IDF and
transformer-based embeddings. We optimize
all models using grid search with hyperparam-
eter tuning and cross-validation. The results
show that job title classification by RoBERTa
with Gemini-generated descriptions works well
with an accuracy of about 97%. In our regres-
sion experiments, our models get promising
results: for grade prediction, a tuned TF-IDF +
XGBoost model achieves a mean absolute error
(MAE) of 0.185, and for annual salary predic-
tion, MiniLM embeddings with XGBoost get
an MAE of €1,587. These findings demon-
strate that a semi-automated pipeline can en-
hance traditional manual processes by boosting
consistency, speeding up HR workflows, and
reducing biased assessments.

1 Introduction

In today’s competitive labor market, a challenge
is evaluating job roles, grading them, and setting
appropriate compensation. Recruiters rely on job
titles, role descriptions, and responsibility levels to
determine job grades and salary structures. These
steps are crucial for attracting candidates and keep-
ing current employees. Traditional methods, like
the Hay Method (Hay, 1984), Mercer’s IPE!, and

"https://www.mercer.com/solutions/
talent-and-rewards/job-architecture/
job-evaluation-ipe/

WTW?, evaluate jobs by assigning weights and
labels based on responsibilities, knowledge, and
skills. These approaches are slow, costly, and vul-
nerable to bias, which can cause inconsistencies
in the evaluation process. With semi-automated
methods, it is possible to reduce bias in salary set-
ting and performance reviews, helping make com-
pensation more fair and transparent (Haseeb et al.,
2024). These methods also support collecting and
analyzing employee data for decisions and work-
force planning (Arora et al., 2021). This can offer
businesses a significant advantage in strategic com-
pensation planning. However, challenges such as
the quality and diversity of training data, incom-
plete datasets, and the lack of continuous model
evaluation and updates can result in biased mod-
els (Mujtaba and Mahapatra, 2024). We draw on
the Mincer earnings equation (Mincer, 1958) to
capture how schooling and work experience af-
fect setting compensation. We evaluate multiple
text representation methods, including transformer
embeddings (DistilRoBERTa, MPNet, MiniLM),
TF-IDF vectorization, and their combinations with
several machine learning models (Random Forest,
XGBoost, and Deep Neural Networks), to identify
the best feature extraction strategy for compensa-
tion prediction.

In summary, we make four contributions: (1) We
propose a semi-automated job evaluation pipeline
that combines transformer-based classification with
LLM-generated synthetic job descriptions to im-
prove models and address class imbalance in rare
job title prediction. (2) We benchmark traditional
text representations (TF-IDF) against transformer-
based embeddings (RoBERTa, MPNet, MiniLM)
combined with deep neural networks and tree-
based models for grade and compensation pre-
diction. (3) We show that LLM-based augmen-

2ht’cps: //www.wtwco.com/-/media/wtw/solutions/
services/job-levelling-solutions.pdf
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tation substantially improves job title classifica-
tion for rare classes. (4) Our experimental results
show that surprisingly, TF-IDF features outperform
transformer-based embeddings for grade predic-
tion, while for salary prediction, transformer-based
embeddings achieve higher accuracy than TF-IDF.

For reproducibility, we provide a code repos-
itory at https://github.com/sjalilian/
Jobeval-system.git

2 Related work

Economic earnings models offer various ways to
understand how wages form. The Mincer earnings
function shows that each extra year of education
raises earnings by about 8% (Mincer, 1958). Hedo-
nic wage models explain compensation variation
using job attributes (Rosen, 1974) and tournament
theory then explains reward structures like bonuses
or promotions in competitive labor systems to en-
courage employees to work harder (Lazear and
Rosen, 1981). These economic models show that
compensation depends on multiple factors.

Natural Language Processing (NLP) and Ma-
chine Learning (ML) models can enhance job de-
scription analysis, ensuring better alignment be-
tween job postings, candidate qualifications, and
salary, optimizing recruitment processes (Arora
et al., 2021). Recent research shows that
embedding-based models can improve the qual-
ity of both classification and regression models in
HR (Silva et al., 2025). Pias et al. (2024) proposes
a recommendation system that matches candidate
resumes (job seeker profiles) with job descriptions
using TF-IDF, Cosine similarity, Jaccard similar-
ity, and BERT embeddings. Their evaluation on
a dataset of 10,000 job postings shows that BERT
outperforms traditional similarity measures, achiev-
ing an accuracy of 98%. Maitra et al. (2024) de-
velop an improved BERT model to classify job
titles from job descriptions. Their model achieves
84% accuracy and an F1-score of 83% on a dataset
of more than 12,000 cleaned job ads, outperform-
ing DistilBERT and all machine learning baselines.
Recent studies show that using LLM-generated
data can improve HR models by enriching training
sets with realistic and diverse job-related examples.
Some approaches have enhanced skill matching,
knowledge extraction, and recommendation tasks,
helping HR systems work better (Magron et al.,
2024; Wasi, 2024).

For compensation prediction, some research has

shown the power of machine learning in job evalu-
ation (Wang, 2022; Matbouli and Alghamdi, 2022).
Ensemble learning methods like tree-based regres-
sions have shown strong performance in predicting
suitable salaries in complex job market datasets
(Dutta et al., 2018; Anderson et al., 2024). In
another research, Deng et al. (2018) compare a
three-layer deep neural network (with RMSProp
optimization) against SVM, Random Forest, and
XGBoost baselines. They find that the DNN out-
performs all tree-based models in both micro and
macro precision in salary prediction.

In this paper, we show how model effectiveness
depends on the prediction task, revealing new in-
sights into compensation modeling.

3 Data

The dataset provided by a global HR organization
contains a wide range of job postings in Dutch
and English. These job postings were originally
sourced from public job advertisements that com-
panies posted to recruit for their open positions.
The data does not include personal data, CVs, or
individual-level information. The objective of this
research is to estimate a job title, salary, and job
grade for a job posting before publication, rather
than to determine the salary of a specific individ-
ual based on their experience or background. The
dataset includes 235,277 job records and 60 fea-
tures. Each row in the dataset includes a job de-
scription and features such as job titles, required
skills, job domains, education, specializations, ref-
erence scores, assigned job grades, and salaries.
The format of the data was inconsistent (e.g., com-
mas in salary values). After cleaning, preprocess-
ing, and standardizing the dataset, it was prepared
for model training. The dataset is not publicly
available due to privacy and proprietary restrictions
imposed by the data provider. Appendix A shows
the distribution of the grade and salary values in
the data.

4 Methods

Our methods include: (1) job title classification, (2)
grade and salary prediction. Figure 1 provides a
detailed flowchart of our methods.

4.1 Task 1: Job Title Classification

The goal of the first task is to automatically assign a
standardized job title to each job description. This
replaces a manual and time-consuming process cur-
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Figure 1: Methodology for Grade & Salary Prediction.
The process compares two primary strategies: (1) an
end-to-end approach involving the direct fine-tuning of
a DistilRoBERTa model for regression, and (2) a feature
vectorization approach that uses either sparse TF-IDF
vectors or dense sentence embeddings from transformer
models.

Deep Neural
Network

rently performed by HR experts. Since job titles
are derived primarily from textual descriptions, we
model this task as a multi-class text classification
problem. To classify job descriptions into standard-
ized job titles, we use transformer-based embed-
dings as text representations because they capture
the semantic meaning of words in context. This
part is crucial for distinguishing between hundreds
of job titles that often have overlapping keywords.
Each job description is tokenized using Hugging
Face’s RobertaTokenizerFast, where text is trun-
cated or padded to a maximum sequence length of
512 tokens, and then converted into input IDs and
attention masks.

Data augmentation To address the class imbal-
ance issue in job title distribution, we apply data
augmentation using Gemini (Gemini Team, 2025),
a large language model, to generate synthetic job
postings for rare job titles. The augmented and orig-
inal job descriptions are tokenized and converted
into input IDs and attention masks, which are di-
rectly fed into a RoBERTa model for multi-class
job title prediction. The model generates contextual
embeddings internally, and the final representation
is passed to a classification head for prediction.
We fine-tune the entire model end-to-end using
AdamW, with tuned hyperparameters such as batch
size and number of epochs. Details of the model
training are listed in Appendix C.

4.2 Task 2: Grade & Salary prediction
4.2.1 Feature Extraction

TF-IDF We experiment with TF—IDF weighted
word features® because of their interpretability and
strong performance on sparse text classification
problems (Romadon et al., 2020). Before vec-
torization, all job descriptions are preprocessed
through lowercasing and punctuation removal. To
capture short linguistic patterns, we include both
unigrams and bigrams, and restrict the vocabulary
to the 2000 most informative terms based on docu-
ment frequency. Sublinear term frequency scaling
is applied to reduce the influence of highly repeti-
tive words.

Embedding We evaluate dense sentence embed-
dings generated by pretrained transformer encoders
from the Sentence-BERT (SBERT) framework
(Reimers and Gurevych, 2019).4

4.2.2 Model Training

Transformer Regression In this experiment, we
fine-tune a DistilRoBERTa model (6 layers, 12 at-
tention heads, hidden size 768) with a dropout of
0.2 and a single linear head on the pooled [CLS]
vector to predict grade and salary from job descrip-
tions.

Deep Neural Network on Embeddings For
this approach, we develop a deep neural network
(DNN) to predict grade and salary. The input to the
model is dense sentence embeddings (e.g., MPNet,

3We use the TfidfVectorizer from scikit-learn (Pe-
dregosa et al., 2011)

*We use the SentenceTransformers libraryhttps:
//www.sbert.net/docs/sentence_transformer/
pretrained_models.html to load each encoder and
manage pooling.
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MiniLLM, or paraphrase-MiniLM). The model is a
feed-forward neural network consisting of an input
layer, four hidden layers, and two neurons for the
regression target. We use the Adam optimizer with
default parameters, which combines the benefits of
adaptive learning rates and momentum to achieve
faster convergence (Kingma and Ba, 2015).

RandomForest & XGBoost on Embeddings
This methodology uses dense vectors from trans-
former embedding models and then feeds to train
the Random Forest and XGBoost models. This
setup allows a comparison between using dense
embeddings and sparse TF-IDF features.

RandomForest & XGBoost on TF-IDF Features
This approach uses the TF-IDF vectors as the pri-
mary input features. These vectors concatenate
with the structured features. These models are cho-
sen for their strong performance on tabular and
sparse data and their relative interpretability, which
is beneficial for HR applications. The models are
trained to predict grade and salary in separate ex-
periments.

Although TF-IDF lacks semantic meaning and
word order, it remains a valuable and interpretable
method, especially when fast training and explain-
ability are important. To optimize the performance
of tree-based models (XGBoost and Random For-
est), we tune the hyperparameters with grid search.
Details of the model training are listed in Appendix
C and the grid search details in Appendix D.

S Experiments and results

5.1 Experiment 1: Job title classification

In this experiment, we try to reduce manual effort
by automatically assigning all unstructured features
of job descriptions to a standardized job title and
using transformer-based classifiers that are aug-
mented with LLM-generated synthetic examples.

The dataset contains 321 unique job title labels,
indicating a highly multi-class problem. We encode
these labels using a LabelEncoder and perform a
stratified 60/40 train-test split to preserve class pro-
portions. Then, each text description is tokenized.
In the next step, tokenized inputs are converted
into Hugging Face Dataset objects for efficient
batching, shuffling (train), and evaluation.

We fine-tune a RoBERTa-based sequence clas-
sification model. After training, we evaluate on
the test set, reporting overall accuracy as well as
macro-averaged precision, recall, and F1 scores.

Prompt #1: “Write an approximately 80-100 word
job description for the role titled “{1bl}”.
Include key responsibilities, required
qualifications, and typical experience.”
Prompt #2: “Look at the examples in
few_shot_examples. Now it’s your turn. Think
step-by-step and then generate the structured
string in the same format for {lbl}.”

Table 1: Prompts used for data augmentation with Gem-
ini. The few-shot examples are listed in Appendix B

Model Accuracy | Precision | Recall | F1-score
RoBERTa on orig data 0.969 0.814 0.835 0.816
+ Augm Data (Prompt #1) 0.967 0.842 0.858 0.847
+ Augm Data (Prompt #2) 0.977 0.895 0.910 0.894

Table 2: Performance comparison of RoBERTa for job
title classification with and without data augmentation

Data augmentation To boost the model’s ability
to recognize underrepresented titles, we use Gem-
ini’s API (in controlled mode) via the Google Ver-
tex Al platform to generate synthetic job descrip-
tions for the less frequent titles. This data augmen-
tation helps the classifier better learn the character-
istics of rare job titles, leading to improved classifi-
cation performance. We experiment with two types
of prompts for data augmentation that are shown
in Table 1. The first is a direct and straightfor-
ward instruction prompt, while the second includes
chain-of-thought (CoT) reasoning and few-shot ex-
amples.We set the Temperature for Gemini to 0.7.
The dataset originally contained 235,277 samples.
After cleaning and deduplication, this was reduced
to 69,170 unique job descriptions. To address la-
bel sparsity, we first identified job titles with fewer
than 50 samples and applied data augmentation
to improve these smallest categories to at least 50
samples each.This augmentation was applied only
to the training split, increasing it from 41,502 to
43,318 samples. The test set was not augmented,
so the evaluation remains unbiased.

Table 2 shows that data augmentation gives an
improvement over the baseline and that the CoT
prompt (#2) is more effective than the direct prompt
(#1).

5.2 Experiment 2: Grade & salary prediction

In this experiment, we analyze which combina-
tions of text representation methods (TF-IDF, trans-
former embeddings) and machine learning models
(deep learning, tree-based) give the best results for
grade and salary prediction. In the first approach,
we fine-tune a DistilRoBERTa model for regression
to predict grade and yearly salary directly from job
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descriptions. In the second modeling setup, we ex-
periment with the following models: distilroberta-
base®, paraphrase-MiniLM-L6-v2°, all-MiniLM-
L6-v27 and all-mpnet-base-v28. Each job descrip-
tion is embedded in the vector space and passed
through a feed-forward neural network to predict
the grade and salary. This setup allows us to eval-
uate both the representational power of each sen-
tence encoder and the effectiveness of a DNN for
numerical regression.

In the third modeling setup, we evaluate tree-
based regression models using both semantic em-
beddings and sparse TF-IDF features. XGBoost
and Random Forest are selected because of their
strong performance on tabular and mixed-feature
regression tasks. This allows us to compare deep
learning models against classical machine learn-
ing baselines. Tables 3 and 4 present the final
regression results for grade and salary prediction
across all models. The results show that the best-
performing feature representation and model com-
bination depend on the prediction task. For grade,
the TF-IDF + XGBoost model achieves the highest
accuracy with a MAE of 0.185 and R? of 0.987.
This shows that grade prediction depends on clear
seniority keywords in the text. TF-IDF captures
clear signals such as ‘senior’ or ‘5+ years expe-
rience’. For example, a job description with ‘Se-
nior Data Engineer’ and ‘8+ years of experience
leading a team’ should have a higher grade than
‘Data Engineer with 1-2 years of experience.” TF-
IDF keeps these signals as separate features, which
makes it easier for models like XGBoost to use
them. In contrast, embedding-based models focus
more on overall meaning and may smooth these sig-
nals, making it harder to distinguish between sim-
ilar roles (e.g., ‘Engineer’ vs ‘Senior Engineer’).
For salary prediction, MiniLM sentence embed-
dings combined with XGBoost produce the best
performance with a MAE of €1,587. The notice-
able difference in Table 4 between DNN and tree-
based models comes from how the models handle
the imbalanced salary distribution. Deep architec-
tures like DistilRoBERTa and DNN models strug-
gle with imbalanced data. In contrast, tree-based
models handle imbalance better because their splits

5https://huggingface.co/distilroberta—base

6https://huggingface.co/sentence-transformers/
paraphrase-MinilM-L6-v2

"https://huggingface.co/sentence-transformers/
all-MinilM-L6-v2

8https://huggingface.co/sentence—transformers/
all-mpnet-base-v2

Model MAE | RMSE | R? | MAPE
DistilRoBERTa Regression 0.521 0.656 0.948 0.052
MiniLM + DNN 0.511 0.667 0.934 0.043
MPNet + DNN 0.493 0.634 0.940 0.042
Paraphrase-MiniLM + DNN 0.514 0.656 0.936 0.044
MiniLM + XGBoost (embs) 0.483 0.655 0.936 0.041
MiniLM + Random Forest (embs) 0.397 0.548 0.964 0.037
TF-IDF + XGBoost (tuned) 0.187 0.323 0.987 0.016
TF-IDF + Random Forest (tuned) 0.297 0.442 0.975 0.027

Table 3: Final comparison of models for grade predic-
tion

Model MAE (€) [ RMSE (€) | R? | MAPE
DistilRoBERTa Regression 11,539 15,522 0.579 | 0.187
MiniLM + DNN 13,605 19,160 0.619 | 0.203
MPNet + DNN 13,559 18,963 0.626 | 0.206
Paraphrase-MiniLM + DNN 13,748 19,361 0.611 | 0.207
MiniLM + XGBoost (embs) 1,587 6,879 0.041 | 0.024
MiniLLM + Random Forest (embs) 1,747 6,921 0.057 | 0.026
TF-IDF + XGBoost (tuned) 1,611 6,965 0.045 | 0.025
TF-IDF + Random Forest (tuned) 1,688 6,905 0.065 | 0.027

Table 4: Final comparison of models for salary predic-
tion

can separate the rare or extreme cases more effec-
tively (Grinsztajn et al., 2022; Cieslak and Chawla,
2008). Unlike the error metrics (MAE, RMSE,
and MAPE), which decrease with better perfor-
mance, R? behaves differently. Its values remain
low for the tree-based models, not because their
predictions are inaccurate, but because salary has
extremely high variance. When the target is highly
dispersed, R? often remains low even if the model
makes accurate predictions (Kvalseth, 1985). Fi-
nally, unlike grade, salary is influenced by seman-
tic context rather than keyword frequency alone.
Factors such as job complexity, technical special-
ization, and industry domain are captured better
by dense transformer—based embeddings than by
sparse vectors.

6 Job evaluator application

Based on our experimental results, we implemented
a demo application for job evaluation that was put
into practice at the recruitment agency. The ap-
plication provides an interactive web interface for
HR professionals. It allows users to paste job de-
scriptions and automatically predicts the job title,
grade, and annual salary. For each task, the sys-
tem uses the best model identified after comparison
results: a RoBERTa classifier (trained with aug-
mented data) for job title prediction, a TF—IDF +
XGBoost model for grade prediction, and a Sen-
tenceTransformer + XGBoost model for salary es-
timation. The app also includes a feedback section
where HR experts can approve or reject predictions.
All inputs, predictions, and feedback are automati-
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cally stored in a CSV file, which is used to identify
model weaknesses and improve future versions.
We collected feedback from about 30 HR special-
ists across Asia, Europe, and the United States who
tested the application. Participants had between 3
and 20 years of experience. Most said the predicted
grades were close to what they expected. They re-
ported that the system saved time in the evaluation
process, and they did not need to read the full job
descriptions in detail. The model worked effec-
tively for both Dutch and English job descriptions,
which is particularly valuable for international HR
specialists. Approximately 25% of salary predic-
tions were considered lower than expected. This is
because the model was trained on historical (2024)
data, while HR experts compare the results with
current market salaries. Also, 90% of grade predic-
tions were accepted by HR experts. Based on their
feedback, we observed that the model for salary and
grade prediction performs well when job descrip-
tions include clear signals such as ‘senior’, ‘junior’,
or ‘years of experience’. However, performance
decreases for higher-level or more abstract roles,
where descriptions are less standardized. Users
mentioned that the model shows limitations in dis-
tinguishing between closely related job titles, for
example, ‘security consultant’ vs. ‘security archi-
tect’, and ‘Project Manager’ vs. ‘Product Man-
ager’.

Since the current model predicts only one title of
the list, they suggested showing the top three possi-
ble titles so they can choose the best match. Screen-
shots of the demo application and the feedback col-
lection interface are shown in Appendix E. A video
of the functional application is accessible at https:
//www.youtube.com/watch?v=-7KPs@LwUnU.

7 Discussion

Data augmentation with LLMs helps to address
class imbalance and improve the classification of
rare job titles, but it can introduce potential risks of
bias. In our experiments, synthetic job descrip-
tions were used only during training and were
never included in the test set. Also, the data
consist of job postings rather than personal or in-
dividual information. As a result, the potential
impact of bias is limited, since the model does
not learn or reproduce sensitive personal profiles,
which could create harmful biases related to gen-
der, age, or background. To assess the potential
bias of synthetic data, we conducted two analy-

ses. Firstly, we computed the token distributions
of real and synthetic texts by representing them
with TF-IDF features and measuring their similar-
ity using Jensen—Shannon divergence (Menéndez
et al., 1997), a standard method for detecting dis-
tributional differences in text data. Secondly, we
compared the average token length of real and syn-
thetic texts. The Jensen—Shannon divergence is
very small (= 0.027), and the average token lengths
are almost identical. Together, these findings sug-
gest that the synthetic data closely matches the
statistical properties of real job descriptions and
does not introduce noticeable distributional bias.

In the salary prediction task, the deep learning
approaches did not perform well. Both the Distil-
RoBERTa regression model and the DNN models
built on transformer embeddings produced higher
errors compared to the tree-based methods. This
result suggests that transformer regression is not
suitable for structured value prediction, such as job
grades or salaries, where training data are noisy
and imbalanced. In contrast, XGBoost and Ran-
dom Forest with tf-idf features were more stable
and achieved far higher accuracy, confirming that
tree-based ensemble methods remain strong base-
lines for regression tasks in HR analytics.

8 Conclusion

We introduced a machine learning pipeline for
semi-automating job evaluation in the context of
HR analytics. Our pipeline combines transformer-
based language models with data augmentation
for job title classification and hybrid regression ar-
chitectures for compensation prediction. We used
synthetic job descriptions generated by a large lan-
guage model (Gemini) to address class imbalance
in job title classification. This augmentation strat-
egy enabled RoOBERTa to achieve over 97% accu-
racy, demonstrating that LLMs can effectively ex-
pand training data in HR domains. In grade predic-
tion, the TF-IDF features with an XGBoost model
achieves the highest accuracy. This indicates that
lexical features play an important role in grade pre-
diction. For the salary prediction part, models built
on transformer embeddings outperformed those us-
ing TF-IDF features, showing that dense semantic
representations capture more predictive informa-
tion. The best model combined MPNet embeddings
with XGBoost. Overall, our results show that Al
methods can help automate job grading and salary
prediction with high quality, reduce bias, and speed
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up HR workflows. Our findings demonstrate that
the choice of model architecture must be aligned
with the goal of the prediction task, and simpler
ensemble models can outperform deep learning for
real-world challenges.

A valuable direction for future work is reinforce-
ment learning with human-in-the-loop (RLHF). In
this approach, HR experts review model outputs
and provide feedback, which is used as a reward
signal to adjust and improve the model’s predic-
tions. This allows the system to learn not only
from data, but also from domain expertise. RLHF
helps in reducing bias and increases the reliabil-
ity of automated job evaluation systems (Chris-
tiano et al., 2023). We also plan to explore using
small decoder-only language models with a few-
shot prompting approach. This would allow us to
test a simpler setup that avoids heavy preprocess-
ing and model training, and compare it directly
with our current pipeline. This will help us better
understand the trade-offs between prompt-based
methods and structured models, and further vali-
date the role of classical approaches in real-world
HR settings.

Limitations

Training Al models requires high-quality and unbi-
ased data. If models are trained on biased data, the
algorithms may worsen existing pay disparities in-
stead of enhancing them (Muralidharan et al., 2024;
Mujtaba and Mahapatra, 2024). To address this
problem, organizations must monitor and update
their models continuously. Compensation estima-
tor frameworks, if implemented carefully, have the
potential to add transparency, fairness, and speed
in salary decisions.

Ethics statement

Applying Al to human resources (HR) systems
comes with a few ethical concerns. One of the most
important legislation in this context is the EU Artifi-
cial Intelligence Act (Regulation (EU) 2024/1689),
which assigns rules for the development, deploy-
ment, and use of Al within the European Union
(Parliament and of the European Union, 2024). The
Act’s risk-based approach divides Al applications
into four groups, and HR systems are marked as
‘high-risk’.

In this research, in the job classification part, we
use LLMs for data augmentation, while synthetic
data includes some risks. Hidden biases in Al sys-

tems can come from the training data and the algo-
rithms. Therefore, continuous monitoring must be
considered throughout the entire process of adding
Al in HR applications (Muralidharan et al., 2024).
Organizations should keep clear documentation of
their AI models and outputs so HR professionals
can review and understand them. It makes sure em-
ployees understand how the automated decisions
are made and gives them a clear way to contest or
accept the results. Together, these practices help in
building reliable frameworks. Finally, incorporat-
ing human-in-the-loop feedback, this system helps
HR professionals rather than replacing them. It
ensures that technology acts as a supportive tool in
the job evaluation process.
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A Label distribution for Compas Grade
and Salary

The Grade is a key feature representing job evalu-
ation levels. As shown in Figure 2, most roles are
between grades 9 and 14, while lower and higher
grades have less frequency. This influences a po-
tential imbalance in role evaluations because the
dataset mainly contains white-collar jobs and does
not include many blue-collar roles.

Figure 3 presents the distribution of the Yearly
Gross Salary assigned to the job profiles. The
salaries are not uniformly distributed. The distribu-
tion of Yearly Gross Salary is right-skewed, with
most values are between €40,000 and €80,000.
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Figure 3: Distribution of Yearly Gross Salary

B Few-shot Examples Used in Prompting

The examples we used in our prompts are detailed
in the following. Our aim is to create data in the
format of our training set.

Example 1: Generate a structured feature string
for the job title: Senior Software Engineer.

Domain (en): Technology; Specialisation (en):
Backend Development; Career ladder (en): Expert;
Level Title: Senior; HIERARCHIC MANAGE-
MENT: No; FUNCTIONAL MANAGEMENT:

Yes, mentoring junior developers; Required ex-
perience: 5; Innovation: High — Contributes to
new architecture; Responsible for a certain bud-
get/figure?: No; Specify the budget amounts: N/A;
Diploma: Bachelor’s Degree; Speciality: Com-
puter Science; Skill: Java/Spring; Skill: Cloud
Platforms (AWS/Azure); Skill: CI/CD Pipelines;
Process: Agile/Scrum; Internal Job Grade: 12; De-
partment: Engineering;

Now, combine all these generated values, in the
correct order, into a single line separated by |.

Generated Output: Technology | Backend
Development | Expert | Senior | No | Yes,
mentoring junior developers | 5 | High -
Contributes to new architecture | No | N/A
| Bachelor’s Degree | Computer Science

| Skill: Java/Spring | Skill: Cloud
Platforms (AWS/Azure) | Skill: CI/CD
Pipelines | Process: Agile/Scrum | 12 |
Engineering

Example 2:

Job title: Marketing Manager.

First, think about and fill in the likely values for
the following features for this job:

Domain (en): Sales & Marketing; Specialisa-
tion (en): Digital Campaign Management; Career
ladder (en): Manager; Level Title: Manager; Hi-
erarchic Management: Yes, manages a team of 3;
Functional Management: Yes, leads campaign strat-
egy; Required experience: 4; Innovation: Medium
— Develops new campaign ideas; Responsible for
a certain budget/figure?: Yes; Diploma: Master’s
Degree; Speciality: Marketing or Business Admin-
istration; Tool: Google Analytics; Tool: Salesforce
Marketing Cloud; Skill: SEO/SEM Strategy; Skill:
Content Marketing; Internal Job Grade: 11; Depart-
ment: Marketing.

Generated Output: Sales & Marketing |
Digital Campaign Management | Manager |
Manager | Yes, manages a team of 3 | Yes |
4 | Medium - Develops new campaign ideas
| Yes | Master’s Degree | Marketing or
Business Administration | Tool: Google
Analytics | Tool: Salesforce Marketing
Cloud | Skill: SEO/SEM Strategy | Skill:
Content Marketing | 11 | Marketing

C Model training configuration

Tables 5, 6, 7 show the training configurations for
the models.
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Hyperparameter

Value

Task
Optimizer
Training Loss

Singlelabel multiclass classification (321 classes)
AdamW
Cross-entropy

Learning Rate (Ir) 1 x 107°

Number of Epochs 3

Batch Size 8

Random Seed 42

Pre-trained Model = RoBERTa-base
Token Max Length 512

Loss Averaging Weighted or Macro
Weight Decay 0.01

Table 5: Model training configuration for job title classification with ROBERT

Hyperparameter

Value

Task

Transformer embeddings
Embedding dimensions

Regression (Grade & Salary prediction)

all-MiniLM-L6-v2 / all-mpnet-base-v2 / paraphrase-MiniLM-L6-v2
384 /768 /384

Train/Test Split test_size=0.20, random_state=11
Hidden Layers [512, 256, 256, 256]

Activation Function ReLU

Dropout Rate 0.20

Optimizer Adam

Learning Rate 1x1073

Loss Function Mean Squared Error (MSE)
Batch Size 32

Number of Epochs 40

Table 6: Model training configuration for Grade & Salary regression.

D Grid Search

We perform a grid search with 3-fold cross-
validation to tune the RandomForestRegressor and
XGBoost regressor hyperparameters with scikit-
learn GridSearchCV (Schratz et al., 2019) The best-
performing hyperparameter combination, as deter-
mined by the lowest cross-validation error. The
results of this procedure are in Table 8.

E Job evaluator application

Figures 4 and 5 show screenshots of the job evalua-
tor application implemented.
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Hyperparameter Value

Task Regression (Grade & Salary prediction)
Pre-trained Model distilroberta-base

Loss Function MSELoss

Optimizer AdamW

Learning Rate 2 x107°

Dropout 0.2

Max Sequence Length 64
Tokenization Batch Size 16

Batch Size (training) 8
Number of Epochs 4
Random Seed 42

Table 7: Training configuration and model settings for DistilIRoBERTa-based regression on Compas Grade

Model Hyperparameter Description Search Range Best Value
n_estimators Number of boosting rounds (trees) {100, 500} 500

XGBoost max_depth Maximum tree depth per estimator {4, 6, 8, None} 6
learning_rate Controls how fast we learn {0.01, 0.05, 0.1} 0.05
subsample Fraction of samples used per tree {0.6,0.8, 1.0} 0.8
n_estimators Number of trees in the ensemble {100, 200} 200
max_depth Maximum depth of each tree {None, 10, 20} None

Random . . . . .

Forest min_samples_split Minimum number of samples to split {2, 10} 2

min_samples_leaf = Minimum number of samples at leaf {1, 4} 1
max_features Number of features per split {"sqrt”, 0.5} 0.5

Table 8: Grid search ranges and best-found values for XGBoost and RandomForestRegressor hyperparameters on
the Grade & Salary prediction task.
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Job Title & Compensation Predictor

Paste a job description and get Title, Grade, and Salary predictions.

Job Description
In this role, you guide a team of software engineers as they design and deliver high-quality
applications. You set the technical direction, help shape architecture decisions, and ensure that the
solutions your team builds are reliable, scalable, and aligned with business goals.
You coordinate closely with product owners and other stakeholders to refine requirements, plan
releases, and keep projects on track. You oversee day-to-day development activities, monitor
progress, and step in when technical challenges need your input. You also promote solid engineering
habits, from clean code and automated testing to documentation and performance optimization.
Beyond technical leadership, you play an important role in developing people. You mentor engineers,
provide regular feedback, support their growth, and help build a positive, collaborative team culture.

You manage staffing, participate in hiring, and make sure workloads are balanced so your team can
move fast without burning out.

You thrive in an environment where you can combine hands-on problem solving with strategic
thinking, helping your team deliver software that truly makes an impact.

Predict Job Title, Grade, and Salary

Predicted Title: software development manager
Predicted Grade: 11

Predicted Annual Salary: 68,602€

Figure 4: Output of the job evaluator showing the predicted job title, grade, and annual salary.

HR Feedback

Do you approve the job evaluation results?

Yes

O No
Which part is incorrect?

Grade Ad

Select the issues you see:
o

Additional comments (optional):

Based on responsibilities, the grade must be higher.
Submit Feedback

Figure 5: HR feedback saved in a separate file for future model improvement.
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