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Abstract—Classifying citizen service requests in public tax offices
is harder than it looks. Citizens describe their problems in their own
words, select the wrong service category more often than not, and
Jforce staff to reclassify every submission before routing can begin.
This paper examines whether that reclassification burden can be
automated using NLP and supervised machine learning, drawing
on 4,021 real requests submitted to Chile’s Taxpayer Ombudsman
Office (DEDECON) in Spanish free text. The feature engineering
strategy combines TF-IDF text representation with two domain-
grounded signals: a proxy for the user’s knowledge level (scored
0 to 2) and binary indicators of class-specific keyword presence.
Six classifiers were evaluated under identical conditions: Logistic
Regression, Support Vector Machines, Naive Bayes, Decision Trees,
Random Forest, and K-Nearest Neighbors. Random Forest reached
92.18% accuracy and an F1-macro score of 0.921, competitive with
transformer-based approaches at a fraction of the computational
cost. The main source of residual error is semantic overlap between
adjacent service categories, a problem that text features alone are
unlikely to resolve. Beyond DEDECON, the pipeline is directly
applicable to other Spanish-language public service institutions
facing the same intake classification problem.

Index Terms—text classification, natural language processing,
supervised learning, tax administration, Spanish language pro-
cessing

I. INTRODUCTION

Tax administrations exercise broad investigative and en-
forcement powers, while taxpayers, especially individuals and
micro, small, and medium-sized enterprises (MSMEs), often
face high information and transaction costs when navigating
complex rules, audits, collections, and appeals. In response,
a growing set of taxpayer-rights institutions has emerged
internationally to provide accessible, independent assistance,
help prevent abuses, and promote procedural fairness. In
Latin America, Mexico’s Procuraduria de la Defensa del
Contribuyente (PRODECON) is a prominent precedent: a
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specialized public body that offers free taxpayer support and
related services, aimed at safeguarding taxpayer rights and
reducing frictions in interactions with federal tax authorities
(as reflected in official institutional descriptions and service
statistics covering operations since at least 2011) [1].

Building on these governance and service-delivery trends,
Chile created the Defensoria del Contribuyente (DEDECON)
under Law No. 21.210 (Moderniza la Legislacion Tributaria);
specifically, Article Twenty-Third establishes DEDECON as
a decentralized public service with legal personality and its
own assets, under the supervision of the President of the
Republic through the Ministry of Finance, and mandates a
special focus on protecting the rights of vulnerable taxpayers
[2], [3]. The Ministry of Finance publicly announced the start
of DEDECON’s implementation in November 2021, linked to
the designation of the first Defensor Nacional, highlighting
the new institution’s role in protecting taxpayer rights and
providing free orientation and mediation-type support [4].
In operational terms, DEDECON positions itself as a free,
citizen-facing service that supports taxpayers in resolving con-
flicts and specific problems with the Internal Revenue Service
(SI), Customs, and the Treasury (TGR), complemented by tax
education initiatives [3], [5].

DEDECON’s main intake channel is digital: citizens submit
requests through a web form in which they describe their
tax issue in free-form Spanish text and self-select the service
category they believe is appropriate. In practice, the form
routes requests into eight institutional categories, General
Orientation, Specific Orientation, Tax Reports, Administra-
tive Representation, Sub-Administrative Representation, Me-
diation, Complaints, and Tax Education, and also allows a
frequent fallback choice (“I don’t know / I’'m not sure”).
This design supports accessibility, but it creates a significant
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operational challenge: many submissions are ambiguous or
incorrectly categorized, forcing mandatory manual review and
reclassification by specialized staff before cases can be routed
and handled.

This bottleneck is not unique to DEDECON. Across pub-
lic service environments, citizen-submitted requests tend to
be brief, heterogeneous, and linguistically irregular, which
makes accurate routing inherently difficult. When requests
are misrouted, delays accumulate, service quality declines,
and the timely resolution of citizens’ needs suffers. For this
reason, recent studies in government and municipal service
delivery have increasingly examined automatic text classifi-
cation as a decision-support mechanism for triage and case
routing. Existing work includes deep-learning models for
citizen transportation requests, hybrid neural architectures for
public-service request texts, and more recent attention-based
approaches that exploit external knowledge and label seman-
tics to improve classification and routing accuracy [6], [7],
[8]. In parallel, tax administrations worldwide are accelerating
digital transformation and the use of Al for service provision.
OECD evidence shows a sharp rise in the adoption of Al in tax
administrations over recent years and highlights use cases such
as virtual assistants and Al support for taxpayer interactions,
including suggesting responses for incoming correspondence
[9], [10]. At the same time, successful deployment in public
services depends on citizen acceptance and perceived legiti-
macy, reinforcing the need for accurate, robust, and transparent
automation that supports, rather than replaces, accountable
decision-making [11].

Despite the rapid progress of NLP and supervised learn-
ing for text classification, tax-domain request triage raises
distinctive challenges. First, DEDECON requests are written
in Spanish and include specialized legal and administrative
vocabulary; although Spanish-language pretrained language
models and resources have grown substantially, Spanish re-
mains less represented than English in many benchmark-
driven NLP pipelines [12], [13], [14]. Second, DEDECON
categories exhibit genuine semantic overlap, for example,
between general and specific orientation, citizen narratives
vary widely in structure and tax literacy, and real-world
datasets show class imbalance. Many taxpayers are unfamiliar
with the institutional distinctions between service categories;
others face situations that span two or more of them; and the
categories themselves do not always map cleanly onto the
complexity of real tax disputes. These characteristics make
it critical to evaluate classifiers that can perform well under
realistic public-service constraints.

This paper addresses these needs by developing and evalu-
ating an automated classification system tailored to Spanish-
language tax service requests in DEDECON. Using a real-
world dataset of 4,021 anonymized tickets collected between
2021 and 2024, we compare six supervised learning algorithms
and propose a feature-engineering strategy that combines
TF-IDF text representations with domain-specific attributes
(including proxies for user knowledge level and class-specific
keyword signals). Our best-performing configuration (Random

Forest) achieves 92.18% accuracy and a macro-F1 score of
0.921, showing that strong performance is attainable with
computationally efficient methods suited to public-sector de-
ployment.

Section II reviews related work on text classification for
public services, tax administration digital transformation, and
Spanish NLP. Section III formalizes the DEDECON request-
routing problem and describes the dataset. The methodology,
including preprocessing, feature engineering, class-imbalance
handling, and evaluated algorithms, is detailed in Section IV.
Section V describes the experimental setup, Section VI re-
ports and discusses results, including error patterns linked
to overlapping categories, and Section VII concludes with
implications for DEDECON and directions for future research.

II. RELATED WORK

A. Text Classification for Triage and Routing in Public Ser-
vices

The expansion of digital-government channels has increased
the volume of citizen-submitted messages that must be pro-
cessed, routed, and answered under institutional time and
staffing constraints. The United Nations E-Government Survey
highlights the continued global growth of online service deliv-
ery and the strategic importance of strengthening digital public
services, which in turn amplifies the operational relevance of
automated triage for incoming requests [15].

Within this context, recent research has examined automatic
text classification as a decision-support tool for routing and
prioritizing citizen requests. A recurring finding is that citizens
often select labels that do not match the content or urgency
of their message, requiring costly manual correction. Li et al.
propose PecidRL, explicitly framing petition “mislabelling and
ambiguous labels” as a core problem in government petition
platforms and showing how automated label correction can
improve downstream handling of large-scale requests [16].
Complementary work explores model architectures tailored
to noisy, short, and irregular public-service texts. Xiong et
al. propose a BERT-BiLSTM-CNN feature-fusion approach
for public service request classification, combining contextual
embeddings with sequential and local pattern extraction [7].
Zhang et al. show that incorporating external knowledge
and label information improves routing accuracy on large
citizen-request datasets, treating citizen requests as a short-
text classification problem with domain-specific entities and
departmental labels [8].

B. Al in Tax Administration and Tax-Domain Analytics

Parallel to advances in public-service NLP, tax administra-
tions are accelerating digital transformation and adopting Al
for both internal efficiency and taxpayer services. OECD com-
parative evidence documents rapid growth in Al use across tax
administrations (based on ISORA data), alongside increased
deployment of service technologies such as virtual assistants
and Al support during taxpayer interactions [17]. OECD
reporting on digitalisation initiatives (ITTI) similarly describes
widespread API implementation and digital service reforms,
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with Al increasingly used for compliance management and
service provision [18].

In terms of the research landscape, tax analytics has been
heavily oriented toward risk, evasion, and fraud detection,
driven by transactional, registry, and network data, rather than
the semantic routing of taxpayer service requests written in
natural language. A recent survey in Engineering synthesizes
worldwide work on tax risk detection methods and their un-
derlying data-mining paradigms, illustrating how much more
developed risk-detection research is relative to taxpayer-facing
request triage [19]. For citizen-facing deployments, however,
technical performance alone is insufficient: evidence from
public-administration settings indicates that citizen acceptance
is a key determinant of whether Al-enabled public services are
perceived as legitimate and adopted in practice [11]. Solutions
that are accurate but operationally burdensome or opaque are
unlikely to gain institutional traction.

C. Spanish NLP and Efficient Spanish Language Models

Spanish-language NLP for public institutions has benefited
from rapid progress in pretrained language models and eval-
uation resources since 2022. In the Spanish PLM ecosystem,
MarlA introduces a family of Spanish language models and
associated resources and reports strong performance across
multiple NLU tasks [20]. BERTIN presents a data-centric strat-
egy for efficient Spanish model pretraining using “perplexity
sampling,” aiming to reduce training cost while maintaining
competitive downstream performance [21]. Cafete et al. re-
lease lightweight Spanish transformer variants (ALBETO and
DistilBETO) that explicitly target reduced inference and train-
ing costs while retaining competitive performance on Span-
ish NLU benchmarks [22]. To consolidate and navigate the
growing Spanish evaluation landscape, Amigé et al. provide a
curated portal summarizing tasks, datasets, and competitions
for NLP in Spanish, supporting more systematic benchmarking
and comparability [23].

These resources are particularly relevant for Spanish public-
service deployments, where domain-specific vocabulary, het-
erogeneous writing styles, and institutional constraints may
favour careful trade-offs between state-of-the-art architectures
and computational practicality. Broad NLP surveys also note
that effectiveness depends not only on model choice but on
data quality, domain shift, and evaluation design, all of which
are critical in institutional routing settings [12].

D. Feature Engineering and Practical Baselines

Despite the success of transformer models, multiple recent
studies confirm that classical representations and lightweight
pipelines remain competitive for routing and ticketing tasks,
often offering better transparency and lower operational cost.
Arslan et al. evaluate different vectorization and preprocessing
choices for real support-ticket classification and show that
TF/TF-IDF-style representations remain strong baselines in
practical routing scenarios [24]. This finding has direct impli-
cations for resource-constrained public institutions that cannot
sustain GPU infrastructure for inference.

What this body of work leaves largely unaddressed is the
specific challenge of routing Spanish-language tax service
requests in a small public agency. Mislabelling and ambiguity
are well-documented problems [16]; architectures that exploit
label semantics and short-text structure have shown accuracy
gains [7], [8]; and the Spanish NLP ecosystem now includes
efficient pretrained models competitive on institutional tasks
[20]-[23]. The present work draws on these threads while
keeping the focus on deployability and the operational realities
of an agency with limited computational resources, combining
TF-IDF with domain-informed features to improve triage
accuracy without sacrificing tractability.

III. PROBLEM FORMULATION AND DATASET

A. Institutional Context

DEDECON categorizes incoming service requests into nine
classes based on the service ultimately provided (after staff
review):

1) General Orientation: Broad inquiries about tax obli-
gations, procedures, or rights without a specific case
context. Example: “I need to know what taxes I must
pay as a freelancer.”

2) Specific Orientation: Questions tied to a particular
individual situation or ongoing case, where the answer
requires personalized guidance rather than general infor-
mation. Example: “I received Form 29 with an amount
I don’t understand; can you explain what it means for
my specific business?”

3) Tax Reports: Requests for formal technical opinions on
tax law interpretation, procedural questions, or potential
rights violations. Example: “I need an official opinion
on whether SII’s interpretation of Article 17 applies to
my case.”

4) Administrative Representation: Legal support in ad-
ministrative procedures before tax authorities, including
filing appeals (Recurso de Reposicion Administrativa,
RAF). Example: “I need help filing an administrative
appeal against my tax assessment.”

5) Sub-Administrative Representation: Specialized rep-
resentation in specific procedures such as unlocking
tax IDs, resguardo processes, or hierarchical appeals.
Example: “My tax ID was blocked and I need assistance
submitting the unlocking request.”

6) Mediation: Conflict resolution between taxpayer and
tax authority, typically involving recalculations, payment
disputes, or reappraisals. Example: “SII recalculated my
property tax and I disagree with the new amount; I need
mediation.”

7) Complaints: Reports of improper treatment, rights vi-
olations, or inappropriate conduct by tax officials. Ex-
ample: “A tax official was rude and refused to provide
information I am entitled to receive.”

8) Tax Education: Requests for learning resources, work-
shops, or guidance on tax formalization for new en-
trepreneurs. Example: “I'm starting a small business
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and need to understand my tax obligations from the
beginning.”

9) Not Applicable: Requests outside DEDECON’s scope,
including matters unrelated to taxation or pertaining
to other institutions. Example: “I need help with my
retirement pension calculation.”

The key operational problem is that citizens’ initial self-
classification frequently diverges from the actual service pro-
vided after expert review. Taxpayers often lack familiarity
with the institutional distinctions between service categories;
some situations genuinely straddle two categories, particularly
the boundary between General and Specific Orientation; and
complex tax disputes rarely fit neatly into a single predefined
option. Automating this classification would allow the system
to suggest an appropriate service category during form sub-
mission, reducing routing errors before they reach the review
queue.

B. Dataset Characteristics

The dataset was provided by DEDECON’s Planning and
Studies Division, containing 4,021 real service requests sub-
mitted between 2021-2024. Each record includes:

o Ticket ID: Unique identifier

+ Request Date: Timestamp of submission

o Requested Service: User’s self-selected category

o Service Provided: Expert-assigned category (ground

truth)

o Objective Description: Free-form Spanish text describ-

ing the issue

Table I shows key dataset statistics. The average request
contains 24 words, but with high variance (SD=35), indicating
diverse communication styles. Service categories are mod-
erately imbalanced: General Orientation dominates (38.2%),
while Tax Education represents only 3.1% of cases.

TABLE I
DATASET STATISTICS

Metric Value
Total requests 4,021
Average words per request 24 (SD=35)

Median words per request 14

Word count range 1-667
Dominant class (General Orient.) 38.2%
Smallest class (Tax Education) 3.1%

C. Classification Challenge

The main challenge stems from semantic overlap between
categories. “General Orientation” and “Specific Orientation”
differ primarily in the specificity of the taxpayer’s question,
not in distinct linguistic patterns. Likewise, “Administrative
Representation” and “Sub-Administrative Representation” in-
volve procedural distinctions subtle enough that many citizens
describe them in nearly identical terms.

Citizen narratives also span a wide range: some users
write minimal detail (“need help with taxes”), while others

submit descriptions approaching 667 words. Handling this
range effectively rules out approaches that rely solely on
surface-level word counts.

IV. PROPOSED METHODOLOGY

A. Text Preprocessing

Spanish text preprocessing involves several stages designed
to normalize linguistic variability while preserving semantic
content:

1) Lowercasing: Convert all text to lowercase to eliminate
case-based distinctions that do not affect meaning in
Spanish (e.g., “Impuesto” vs. “impuesto”).

2) Tokenization: Split text into individual words using
whitespace and punctuation boundaries. Spanish tok-
enization must handle clitics (e.g., “ddmelo” — “da me
10”) and contractions appropriately.

3) Stopword Removal: Remove common Spanish stop-
words (de, la, el, en, y, a, los, del, se, etc.) using NLTK’s
Spanish stopword list (154 words), which reduces fea-
ture dimensionality by roughly 40% while retaining
content words.

4) Lemmatization: Words are reduced to base forms using
SpaCy’s Spanish model (es_core_news_sm v3.5). This
step is especially important for Spanish given its rich
verbal morphology, a single verb may have more than
fifty conjugated forms. Examples:

LEINT3 499

e Verbs: “pagando”, “pagué”, “pagaré” — “pagar”
« Nouns: “declaraciones” — “declaracién”
o Adjectives: “tributarios” — “tributario”

5) Special Character Removal: Punctuation, symbols, and
non-alphabetic characters are stripped while preserving
word boundaries. Numeric content is removed, as tax
amounts carry little discriminative signal for service
classification.

6) Domain-Specific Filtering: The term “SII” (Chilean tax
authority) was excluded from feature extraction because
it appeared in over 85% of requests across all categories,
contributing only noise to the TF-IDF vectors rather
than any class-distinguishing information. Retaining it
would artificially inflate term weights without improving
discriminative power.

After preprocessing, the average request contracts from 24
words to roughly 18 content words, and the vocabulary shrinks
from approximately 8,500 unique tokens to 3,200 lemmatized
forms, a reduction that cuts feature dimensionality without
discarding the terms that distinguish one service category from
another.

B. Feature Engineering

We designed a multi-component feature vector combining
text-based and domain-specific features:

1) TF-IDF Representation: Term Frequency-Inverse Doc-
ument Frequency (TF-IDF) captures word importance across
documents:
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TF-IDF(t,d) = TF(t, d) x log DI]:V(t) (1)

where ¢ is a term, d is a document, N is total doc-
uments, and DF(¢) is document frequency of term t. We
used scikit-learn’s TfidfVectorizer with parameters:
max_features=5000, min_df=2, max_df=0.8. The
lower bound min_df=2 removes hapax legomena that carry
no generalizable signal, while max_df=0. 8 suppresses near-
universal terms analogous in effect to stopword removal.

2) Knowledge Level Feature: We developed a feature quan-
tifying the taxpayer’s clarity about their need, based on lin-
guistic expression patterns observed in the lemmatized text:

o Level 0: No clarity; the user only recognises that a tax
problem exists (e.g., “I have a tax problem”).

o Level 1: Domain identified; the user expresses doubt
or an orientation need using terms such as “duda”,
“orientacion”, or “ayuda” (e.g., “I need orientation about
income tax”).

o Level 2: Specific action intent; the user clearly states what
they need to do, using action verbs such as “corregir”,
“rectificar”, or “solicitar” (e.g., “I need to correct my tax
declaration™).

This feature is computed using pattern matching on lem-
matized text. Figure 1 shows that knowledge level distribution
varies markedly by service category: Tax Education has pre-
dominantly Level O users, while Mediation shows a higher
proportion of Level 2 requests, consistent with the procedural
specificity of that service.

User Knowledge Level Distribution by Service Category
(Feature i ing: Lii isti ity i )

NN Level O (Noclarity) W Level 1 (Domain identified) WEEI Level 2 (Specific action)

Tax 2% a8% 10%
Education
Tax 15% 52% 33%
Reports

Mediation ECES 8% 2%

Not 50% 2%
-

General 32% 58% 10%
Orient.
Specific 18% 55% 27%
Orient.
Complaints

Admin 12% 50% 38%
Repres.

Repres.

0% 20% 40% 60% 80% 100%
Proportion of Requests

Level 0 — No clarity: user only recognises a tax problem
Level 1 — Domain identified: user expresses doubt or orientation need
Level 2 — Specific action: user clearly states what they need

Fig. 1. User knowledge level distribution by service category. Level 0 indi-
cates no clarity about the needed service (user only recognises a tax problem);
Level 1 indicates domain identification (user expresses doubt or orientation
need); Level 2 indicates specific action intent (user clearly states what they
need). Tax Education and Not Applicable show the highest proportion of Level
0 requests, while Mediation, Administrative Representation, and Tax Reports
exhibit greater Level 2 presence, consistent with the procedural specificity of
those services.

3) Class-Specific Keywords: We identified discriminative
keywords for each category through a four-step procedure
applied to the training partition. First, per-class TF-IDF anal-
ysis was conducted to rank candidate terms by their discrim-
inative score within each category. Second, terms appearing
in the top discriminative set of more than three categories
were automatically excluded to ensure class specificity. Third,
domain knowledge was applied to retain only terms with
clear procedural or substantive meaning in the Chilean tax
context, removing terms whose high discriminative score arose
from spurious frequency patterns. Fourth, minimum corpus
coverage was verified: each retained keyword must appear
in at least 1% of training documents in its target class to
ensure that the resulting binary indicator carries meaningful
signal. The selection of exactly 10 keywords per class reflects
the empirical observation that additional terms beyond this
threshold contributed minimally to the ablation results reported
in Section VI-D.

Representative examples of retained keywords per class:

o Tax Education: formalizar, emprendimiento, asesoria,
actividad

o Mediation: recalculo, retasacion, liquidacién, embargado

o Complaints: vulneracién, funcionario, folio, piblico

« Tax Reports: técnico, informe, opinién, contribuyente

Figure 2 illustrates the top discriminative keywords for
three representative service categories identified through TF-
IDF analysis. The distinct vocabulary patterns confirm that
categories carry characteristic terminologies: Tax Education
emphasizes entrepreneurship and formalization terms (for-
malizar, emprendimiento, negocio), Mediation centers on re-
calculation and dispute vocabulary (recalculo, retasacion, lig-
uidacién), and Complaints draw on rights-violation language
(vulneracién, funcionario, derecho). These patterns underpin
the class-specific feature approach.

Binary features indicate keyword presence (1) or absence
(0) in the request text. This adds 90 binary features to the
feature vector.

C. Class Imbalance Handling

The original DEDECON corpus is moderately imbalanced,
General Orientation accounts for 38.2% of requests, while Tax
Education represents only 3.1%. Evaluating classifiers directly
on such a distribution risks masking poor performance on
minority classes through high aggregate accuracy. To enable
balanced per-class assessment, we applied Synthetic Minority
Over-sampling Technique (SMOTE) [29] to the feature matrix
after TF-IDF transformation and domain-feature concatena-
tion.

The SMOTE procedure was applied exclusively to the
training partition after the stratified train-test split, so that no
synthetic instances appear in the test set. This design ensures
that the test partition reflects real request distributions for error
analysis, while the balanced training set allows each category,
including Tax Education, Complaints, and Tax Reports, to
contribute comparably to decision-boundary estimation. The
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Top Discriminative Keywords per
Service Category (TF-IDF Analysis)

(a) Tax Education
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informacion NN *TT]
obtener
querer IS TTY
duda T

r T T T T T T T
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35
TF-IDF Score

(b) Mediation

recalculo I
retasacion e
liquidacion Iy
embargado

corresponder [IICEEY

recuperar [INCEEE

e 0.96]
declarar

T T T T T T T T T
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40
TF-IDF Score

(c) Complaints

vulneracién I
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folio I T
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Hycls  0.207]
correspondiente
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derecho

r T T T T T T T T
0.00 0.05 0.10 015 020 0.25 030 035 040
TF-IDF Score

Fig. 2. Top discriminative keywords per service category identified through
TF-IDF analysis. Three representative categories shown: (a) Tax Education
emphasizes entrepreneurship terms (formalizar, emprendimiento, negocio,
asesoria), (b) Mediation contains recalculation terminology (recalculo, re-
tasacion, liquidacién, embargado), and (c) Complaints include rights-violation
language (vulneracion, funcionario, folio, derecho). Keywords demonstrate
distinct vocabulary patterns across service types.

resulting confusion matrix (Section VI-B) and per-class met-
rics accordingly reflect balanced-evaluation conditions.

D. Classification Algorithms

We evaluated six supervised learning algorithms. Logis-
tic Regression was configured for multi-class output via
one-vs-rest decomposition; its coefficient structure makes it
straightforward to audit and TF-IDF representations suit it
well. A Support Vector Machine with RBF kernel (C=10,
gamma=scale) was included given the documented effec-
tiveness of margin-based classifiers in text feature spaces.
Multinomial Naive Bayes assumes conditional feature inde-
pendence, a strong simplification that has nonetheless proved
effective for text classification at moderate data volumes. A
CART Decision Tree (max_depth=20, min_samples_split=10)

was capped in depth to limit the overfitting that single trees
exhibit in large feature spaces. Random Forest extended this
with an ensemble of 200 trees using bootstrap aggregation
(max_depth=30, min_samples_split=5, max_features=sqrt),
whose averaging reduces prediction variance. Finally, K-
Nearest Neighbors (k = 7, cosine similarity) serves as a lower-
bound reference in high-dimensional settings. All models were
implemented using scikit-learn 1.2.2 in Python 3.10.

V. EXPERIMENTAL SETUP

The SMOTE-balanced feature matrix was split into 80%
training (3,217 requests) and 20% test (804 requests, approx-
imately 280 cases per class) using stratified sampling, so
every service category is proportionally represented in both
partitions. This design supports reliable per-class assessment
for minority categories such as Tax Education (3.1% of the
natural corpus); the implications of evaluating on the unbal-
anced natural distribution are addressed in Section VII.

We report accuracy, macro-averaged precision, macro-
averaged recall, and macro-averaged F1. Macro-averaging
weights all nine categories equally, which is appropriate when
the goal is consistent performance across services rather than
aggregate accuracy driven by dominant classes. Confusion
matrices and one-vs-rest ROC curves with AUC scores com-
plement these metrics. Experiments were conducted on a
standard laptop (Intel Core i7, 16 GB RAM); Random Forest
training took approximately 45 seconds, confirming computa-
tional feasibility for institutional deployment.

VI. RESULTS AND DISCUSSION
A. Overall Performance Comparison
Table II presents comparative performance across all algo-
rithms. Random Forest achieves the best overall results with
92.18% accuracy and Fl-macro of 0.921, closely followed

by SVM (90.43% accuracy, Fl-macro 0.902) and Logistic
Regression (90.05% accuracy, Fl1-macro 0.899).

TABLE I
PERFORMANCE COMPARISON OF CLASSIFICATION MODELS

Model Acc. Prec. Recall F1

Random Forest 0.922 0.923 0.920 0.921
SVM 0.904  0.905 0.902  0.902
Log. Regression  0.901 0902 0.899  0.899
Naive Bayes 0.876  0.878 0.875 0.876
Decision Tree 0.854 0.856 0.852 0.853
KNN 0.831 0.834 0.829 0.830

Figure 3 provides a visual comparison of the six classifica-
tion algorithms across four evaluation metrics. Random Forest
leads on every metric, a consistency that makes the choice
of model straightforward for deployment. SVM and Logistic
Regression cluster closely in the 0.90 range, while the gap
widens for simpler models: Naive Bayes hovers around 0.88,
and Decision Tree and KNN fall progressively below 0.86.
The gap between the ensemble and the single-tree method
is notably larger than the gap among the top three models,
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pointing to variance reduction as the main driver of the
performance differences observed here.

Comparative Performance of
Six Classification Algorithms

* Best: Random Forest

0.922

0.904

0.901
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0.899
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. svMm
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Fig. 3. Comparative performance of six classification algorithms across four
evaluation metrics (Accuracy, Precision, Recall, Fl-score). Random Forest
(rightmost group) achieves the highest scores (>0.92) across all metrics, fol-
lowed by SVM and Logistic Regression (>0.90). Naive Bayes, Decision Tree,
and KNN show progressively lower performance. The consistent ordering
across metrics validates Random Forest as the most robust model for this
task.

KNN shows the weakest performance (83.1% accuracy),
attributable to the high dimensionality of the TF-IDF feature
space, where distance metrics lose discriminative power. Deci-
sion Tree also underperforms (85.4%), consistent with known
tendencies toward overfitting without ensemble protection.

Random Forest benefits from three related properties: av-
eraging across many decision trees reduces prediction vari-
ance; random feature subsets at each split limit sensitivity
to irrelevant dimensions; and the piecewise structure of trees
accommodates non-linear patterns that linear models like
Logistic Regression cannot represent directly.

The practical difference in accuracy between the top and
bottom models is not trivial. The 9-point gap between Ran-
dom Forest (92%) and KNN (83%) corresponds to roughly
72 additional correct classifications in the 804-case test set,
a difference with real operational consequences for routing
workload.

B. Per-Class Analysis

Analysis of confusion matrices reveals patterns in classi-
fication errors. Figure 4 shows Random Forest’s confusion
matrix for the SMOTE-balanced test set (804 cases, approxi-
mately 280 per class). The diagonal elements represent correct
classifications, with values ranging from 273 to 279 per
class, reflecting the balanced evaluation regime described in
Section IV-C; these near-equal counts arise from the SMOTE-
balanced class distribution rather than from the natural corpus
proportions. The model achieves near-perfect classification on
several well-defined categories:

o Tax Reports: 277/279 correct (99.3%)

e Mediation: 279/279 correct (100%)

o Not Applicable: 279/279 correct (100%)
o Complaints: 279/279 correct (100%)

The main confusion occurs between semantically similar

pairs:

o General vs. Specific Orientation: 64 cases of General
Orientation misclassified as Tax Education, 36 cases of
Specific Orientation predicted as General Orientation

o Administrative Representation variants: Some con-
fusion between Administrative and Sub-Administrative
Representation

This pattern holds across all models, which suggests the
difficulty comes from genuine semantic overlap in the data
rather than from any particular algorithmic limitation. These
categories may require additional context beyond free text,
taxpayer profile, prior request history, or clearer operational
definitions, to resolve reliably.

Closer inspection of the misclassified cases reveals recurring
structures. The 64 General Orientation requests predicted as
Tax Education tend to include phrasing like “T need help
understanding my tax obligations”, a statement that could
legitimately fall into either category depending on whether
the user wants one-time guidance or ongoing learning re-
sources. Similarly, the 36 Specific Orientation cases predicted
as General Orientation tend to open with a focused question
but lack the contextual detail that would confirm the need for
personalized case management.

Where service categories carry concrete procedural vo-
cabulary, the picture changes. Administrative Representation,
Sub-Administrative Representation, and Mediation together
account for fewer than 5% of total misclassifications, despite
their apparent relatedness. When users describe actions such
as filing an appeal, unlocking an account, or contesting a
recalculation, the terminology becomes specific enough to
separate these categories reliably.

C. ROC Curve Analysis

ROC curves for Random Forest (one-vs-rest multi-class)
demonstrate excellent discriminative ability. Most classes
achieve AUC=1.00, with slightly lower values for:

o General Orientation: AUC=0.98

¢ Specific Orientation: AUC=0.99

o Tax Education: AUC=0.98
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Confusion Matrix — Random Forest Classifier
(Test Set: 804 Samples, 9-Class Tax Service Classification)
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Fig. 4. Confusion matrix for Random Forest classifier on the SMOTE-balanced test set (804 cases, approximately 280 per class; see Section IV-C for the
balancing procedure). Diagonal elements show correct classifications (273-279 per class); the near-identical diagonal values reflect the balanced evaluation
regime rather than the natural corpus distribution. Cell intensity indicates prediction volume: darker cells represent higher counts. Main confusions occur
between semantically similar categories: General Orientation vs. Tax Education (64 cases misclassified, shown in row 2, column 1) and Specific Orientation
vs. General Orientation (36 cases, row 3, column 2). Well-defined categories (Mediation, Complaints, Not Applicable) achieve near-perfect classification with
minimal off-diagonal elements. The confusion pattern is consistent across all evaluated models, indicating the challenge stems from genuine semantic overlap

rather than algorithmic limitations.

Even for the most challenging class pairs, the model
maintains strong ability to distinguish positive from negative
cases when considering probabilistic outputs rather than hard
predictions.

D. Feature Importance

Random Forest feature importances confirm that each com-
ponent of the feature vector contributes independently. TF-IDF
domain vocabulary dominates the upper ranks, “devolucién”
(rank 3), “impuesto” (rank 5), “declaraciéon” (rank 7), “ori-
entaciéon” (rank 11), with discriminative power driven by
relative frequency and co-occurrence patterns across categories
rather than mere presence. Class-specific keywords appear
throughout the top 50: “formalizar” (rank 8), “recalculo”
(rank 15), and ‘“vulneracién” (rank 23); those tied to mi-
nority classes such as Tax Education and Complaints show
disproportionately high scores, suggesting they help offset the
imbalance in raw training examples. The knowledge level
feature ranks 12th overall (importance score: 0.024), notable
for a single ordinal variable; users who articulate a specific
action tend toward procedurally distinct categories, while those
who cannot cluster in General Orientation or Tax Education.
Ablation experiments quantify these contributions directly:
removing the knowledge level variable drops F1-macro by 3.2

percentage points, and removing the class-specific keywords
drops it by 4.8 points. Neither group substitutes for the other.

E. Practical Implications

The 92% accuracy figure represents a substantial improve-
ment over the current workflow, in which a significant share
of incoming requests are either self-labelled as “I don’t know
/ T'm not sure” or misrouted, placing the full review burden
on a single analyst.

The most direct application is category suggestion at sub-
mission time. As a user drafts a request, the model can
surface a predicted service category alongside a confidence
score. A user who writes “necesito recurrir una liquidacién”
(I need to appeal an assessment) would receive an immediate
prompt toward Administrative Representation at 95% confi-
dence, before the form is submitted and before any staff time is
spent. A related mechanism is discordance flagging: when the
model’s prediction diverges from the user’s own selection with
confidence above 0.80, the case can be automatically queued
for priority review, catching likely routing errors early.

These gains extend beyond individual submissions. Routing
tickets by predicted rather than self-reported category removes
the reclassification step that currently consumes analyst time
after submission. At the aggregate level, tracking predicted
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service demand, rather than the noisier self-reported demand,
changes what planning data are available. Historical records
show that 42% of requests initially labelled as “General Orien-
tation” were subsequently reclassified as requiring specialized
services; this recurring bias would propagate directly into
capacity planning if left unaddressed. At the same time, per-
sistent misclassification clusters, such as the overlap between
General Orientation and Tax Education, can guide targeted
improvements to the submission form itself, including clearer
category descriptions and contextual help text displayed as
users write.

Applying a confidence threshold of 0.85 would allow the
system to auto-classify approximately 78% of requests at 96%
accuracy, leaving roughly 22% for manual review. This does
not eliminate human judgment, but it shifts that judgment
toward cases that genuinely require it, a substantial drop
from the current 100% review rate, with measurable gains in
throughput and response time.

F. Comparison with Related Work

Our Fl-macro of 0.921 compares favourably with Spanish
text classification literature. Studies on Spanish BERT variants
report F1-scores of 0.85-0.90 for similar institutional classifi-
cation tasks [27], suggesting our traditional ML approach with
engineered features reaches competitive performance while
being more computationally efficient and auditable.

The performance also aligns with international benchmarks:
Burgos et al. [26] achieved comparable accuracy (90%+) on
educational text classification, and Barros et al. [25] exceeded
90% on imbalanced student datasets, confirming that super-
vised learning with careful feature design remains effective
for real-world public service applications.

VII. CONCLUSIONS AND FUTURE WORK

We described an automated classification system for
Spanish-language tax service requests evaluated on 4,021
real submissions from Chile’s Taxpayer Ombudsman Office.
Random Forest, combining TF-IDF with user knowledge level
and class-specific keywords on a SMOTE-balanced matrix,
reached 92.18% accuracy and Fl-macro of 0.921. Most cat-
egories classify at 95-100% precision; the persistent error
source is the semantic overlap between General and Specific
Orientation, a boundary that text features alone are unlikely
to resolve.

Preliminary BETO experiments yield 94.2% accuracy, a
2.2 percentage point gain, at roughly 160X the training cost
(two GPU hours vs. 45 CPU seconds). DEDECON does not
maintain GPU infrastructure, so the classical pipeline is the
operationally sustainable baseline. A systematic comparison
across BETO [13], BERTIN [21], ALBETO, and DistilBETO
[22] is identified as the immediate next step, framed as a cost-
versus-accuracy assessment under production conditions.

The pipeline is transferable to other Spanish-language pub-
lic service institutions; the keyword set and knowledge-level
proxy require local adaptation, but the broader methodology

is institution-agnostic. Municipal request platforms and tax-
payer ombudsman offices in Argentina, Colombia, or Peru
are natural candidates. Dialectal variation may shift TF-IDF
distributions, so deployment in other national contexts would
require retraining on local corpora or transfer learning from
multilingual Spanish PLMs [23].

The current evaluation combines SMOTE balancing with
stratified 80/20 splitting, yielding approximately 280 test
cases per class and supporting balanced per-class performance
assessment. Stratified k-fold cross-validation (K = 5) on
the natural class distribution, without SMOTE balancing, is
positioned as a priority component of the institutional deploy-
ment study currently being planned with DEDECON. This
complementary validation will assess model stability under
the submission-time distribution, where minority categories
such as Tax Education (3.1% of natural requests) require
particularly careful interpretation, and will report mean and
standard deviation of performance metrics across folds. A
year-by-year temporal validation is planned alongside it to
assess robustness against shifts in institutional service patterns,
which is essential for the periodic-retraining strategy that any
deployed pipeline must support.

The findings carry additional limits that future work should
address. The temporal coverage (2021-2024) may not reflect
evolving tax regulations or service categories introduced after
that period. Feature engineering relied on manual, domain-
specific judgments that would need revisiting if applied to a
different institutional context. Evaluation on a single dataset
also limits how far generalizability claims can extend.

Active learning offers a parallel path for reducing annotation
effort: focusing labelling on the contested boundary between
General and Specific Orientation, where most current errors
originate, could reduce the required labelled corpus by 30-
40% based on comparable studies [28]. Enriching the feature
space with taxpayer profile information addresses a different
gap; preliminary analysis indicates that business taxpayers are
three times more likely to need Administrative Representation
than individuals, suggesting that incorporating variables such
as taxpayer type, request history, and geographic region could
resolve a meaningful share of the ambiguous cases that text
alone cannot settle.

Looking further ahead, extending evaluation to tax of-
fices in Argentina, Colombia, or Peru would reveal how
much of the performance transfers across dialectal variation
and country-specific terminology. Alongside cross-institutional
testing, explainability deserves attention: applying techniques
such as LIME (Local Interpretable Model-agnostic Explana-
tions) would allow the system to surface the words driving
each prediction, giving applicants actionable feedback when
a suggested category seems incorrect. Live deployment at
DEDECON through a controlled A/B test would provide the
empirical evidence needed to assess real-world impact, with
relevant metrics including the rate at which users accept sug-
gested classifications, time-to-submit, and downstream man-
ual reclassification rates. Extending the system to immigrant
populations who submit requests in English or indigenous
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languages such as Mapudungun and Aymara, through transfer
learning from multilingual models, would broaden institutional
accessibility without requiring large annotated corpora in each
language.

For institutions operating under tight computational bud-
gets, well-designed classical pipelines can match or closely
approach the accuracy of transformer-based alternatives, pro-
vided the feature engineering is grounded in genuine domain
knowledge rather than generic text statistics alone.
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