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Featured Application

A comparison of distance functions for exploratory multilabel land-use inference from
aggregated mobile-network activity in heterogeneous urban and regional settings.

Abstract

Mobile-network traces provide a complementary view of land use, yet the role of dis-
tance functions in multilabel neighborhood-based inference remains underexplored in
heterogeneous regions. We compare eleven pointwise, complexity-invariant, and elastic
distances across four multilabel k-nearest-neighbor (k-NN) algorithms using weekly pro-
files of incoming calls, outgoing calls, and internet activity from 241 manually labeled cells
in Trentino, Italy. Four non-k-NN classifiers with fixed settings constitute the reference
baselines. We evaluate performance through nine different metrics under the same iterative
stratified 10-fold cross-validation procedure. The distances belonging to the Canberra
family perform well in several classifier—channel pairs, including an average precision
of 0.905 and a ranking loss of 0.125 in ML-localkNN for incoming calls. The experiment
also highlights the inconsistent effects of complexity correction and varying sensitivities
to distance selection across classifiers and channels. The study contributes a systematic
empirical assessment of distance families, a consistent multilabel evaluation framework,
and spatial diagnostics linking numerical performance to land-use interpretation.

Keywords: call detail records; digital traces; distance metrics; k-nearest neighbors; land-use
classification; mobile phone data; multilabel classification; Trento; urban computing; urban
data science

1. Introduction

Inferring how land is used across a region is a central problem in urban data sci-
ence and a prerequisite for sustainable planning, environmental monitoring, and mobility
management. Traditional surveys provide authoritative land-use maps but are expensive
to maintain and quickly become outdated in rapidly evolving peri-urban areas. Mobile-
network data, including call detail records (CDRs), offer a complementary source: the
aggregate volume and temporal rhythm of calls, messages, and data sessions recorded
at each base station or grid cell encode a distinctive “activity signature” that correlates
with the functional mix of an area [1-4]. When these digital traces are released in spa-
tially gridded, anonymized form, as in the Telecom Italia Big Data Challenge [5], they
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enable reproducible benchmarking of land-use inference methods across regions and
telecommunications channels.

A common limitation of past research is the assumption of a single land-use class
for each spatial cell. In reality, a cell may combine residential, business, and recreational
functions, especially in regions that extend from compact urban centers to rural settlements
and forest areas [6,7]. Multilabel learning allows such functional mixtures to be modeled
explicitly. Instance-based learning methods, specifically k-nearest-neighbor approaches and
their variations, are a natural choice, since they depend on similarities between training
and query instances [8,9].

In all k-NN approaches, similarity is defined by the distance function. The application
of Euclidean distance is standard practice in many cases; however, its appropriateness
should be tested for CDR-derived activity signatures, whose rhythm is very pronounced
both on diurnal and weekly timescales but with absolute amplitudes differing by orders
of magnitude from one cell to another. Alternative distance functions, like ratio-based
distances scaled locally [10], feature-bounded distances [11], or complexity-compensated
composite distances [12], provide different methods for comparing weekly rhythms and
taking into account differences in the volume of activity. Still, there is very limited empirical
evidence on their performance in multilabel land-use inference [13]. The time-series
classification literature has demonstrated that the distance metric is an important modeling
decision [14,15]. Such a conclusion has not been tested yet in the context of multilabel
urban function inference.

Trentino is a diverse testing ground for this investigation. The selected study area
includes the urban core of Trento, suburban settlements, and montane forests. The label
set includes an explicit forest category, whose activity profiles tend to be flat and low in
amplitude. In this setting, ratio-based metrics may behave differently from magnitude-
sensitive distances. Whether this difference improves classification is treated as an empirical
question rather than an assumed property.

The present study addresses this gap by conducting an empirical analysis of 11 distance
functions across four multilabel k-NN classifiers applied to three CDR-based activity
channels in the Trentino grid. The main contributions are as follows:

1. Heterogeneous regional landscape distance metric evaluation: We compare five
pointwise base metrics, five complexity-invariant composite metrics, and one elastic
(DTW-based) distance in multilabel k-NN pipelines. We test these pipelines in an
area combining urban, suburban, and forested zones. This extends the scope of
distance-metric studies beyond metropolitan settings.

2. Comparison across classifiers and activity channels: We evaluate four multilabel
k-NN classifiers (BR-kNN, ML-kNN, LAML-kNN, and ML-localkNN) alongside four
non-k-NN reference models with fixed configurations. Previously selected, metric-
specific neighborhood configurations are retained and reevaluated using consistent
metric definitions.

3. Comprehensive evaluation and spatial interpretation: Nine complementary mea-
sures and a unified evaluation protocol enable consistent comparisons of classifica-
tion and label ranking performance. Maps of spatial predictions link this quanti-
tative assessment to land use interpretation and delineate regions of transition for
further analysis.

From the viewpoint of urban data science, the current paper introduces distance
selection as an explicit and interpretable part of multilabel land-use inference. Our empirical
comparisons show how the performance of distance functions varies across classifiers and
activity channels. This forms a foundation for the selection of potential distances for further
regional assessments. The remainder of this article is organized as follows: Section 2
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reviews related work on CDR-based land-use inference, multilabel classification, and
distance metrics. Section 3 defines the 11 distance functions and discusses their relevance to
activity signatures. Section 4 describes the Trentino dataset and the experimental protocol.
Section 5 reports predictive performance under the common evaluation framework and
presents qualitative spatial visualizations. Section 6 interprets the findings, and Section 7
summarizes the study.

2. Related Work

Inferring functional land use from digital traces is an active area of urban computing
and urban data science. This is partly because traditional land-use surveys are costly and
updated infrequently [16]. Early studies have shown that aggregated mobile-network traces
contain temporal signatures, such as daytime peaks, overnight troughs, and differences
between weekdays and weekends, which can inform citywide land-use classification. Soto
and Frias-Martinez demonstrated that activity patterns inferred from mobile phone traces
can generate land-use signatures and that these patterns can be transferred across cities at
coarse spatial resolutions [17]. Toole et al. formalized how time-dependent activity profiles
represent “actual” land use and reveal differences from officially designated land use [1].
Pei et al. quantified the influence of base-station density and land-use heterogeneity on
classification difficulty [2], while Louail et al. used aggregated CDR data to reveal the
spatial organization and temporal rhythms of activity hotspots [4]. Broader surveys have
since established CDR-based analysis as a research area in its own right [18].

Open, gridded telecommunications data have played an important role in reproducible
experimentation. The Telecom Italia Big Data Challenge dataset, described by Barlacchi et
al., provides activity grids for multiple channels in Milan and Trentino at regular spatial and
temporal intervals [5]. This resource has also been used to relate urban vitality to land-use
diversity [19]. These datasets present several modeling challenges: activity volumes are
highly skewed, spatial autocorrelation is common, and many cells have multiple functions
that cannot be represented by a single label.

2.1. Multilabel Representations of Functional Mixtures

Traditional methods of land use classification assign each spatial unit to a single
category based on zoning rules. Yuan et al. suggested identifying functional zones by
combining movement traces and points of interest [20]; yet, similar to many early proposals,
their approach involves assigning mutually exclusive categories. However, individual
spatial units might support multiple functions (a cell may house apartments, shops, and
green spaces), and the main functionality might change during the day. Multilabel learning
is able to handle this functional diversity by allowing each spatial unit to be associated with
some subset of a predefined label set. According to the SAMPLID framework, clustering-
based pipelines are prone to optimize geometric criteria that might not align well with
semantic land-use classifications; hence, it suggests considering supervised alternatives
based on task-specific ground truth [21]. Extending this reasoning, MAPLID considers place
identification as a supervised multilabel classification task using CDR-based features [6];
the methodology was later applied to Trentino [7]. Related research on home and work
location detection highlights the need to validate mobility-derived functional proxies using
predictive models when reference labels are available [22,23].

2.2. Instance-Based Multilabel Learners

The multilabel classification (MLC) literature encompasses problem-transformation
strategies (e.g., Label Powerset and RAKEL ensembles), algorithm-adaptation methods (e.g.,
ML-kNN), and end-to-end deep learning architectures. Extensive benchmarks show that
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the relative ranking of methods depends on dataset characteristics, label cardinality, class
imbalance, and the evaluation metrics used [15,24]. Among instance-based approaches,
ML-kNN estimates per-label posterior probabilities from label frequency counts among
the k nearest neighbors [8]. Because those neighbors are selected using pairwise distances,
changing the distance function can change the posterior estimates, making the predictions
sensitive to distance choice, particularly when label distributions vary across the study area.

To address this sensitivity, previous studies have proposed some improvements in
neighborhood design. Local adaptation is one of them, and it suggests using different
values of k for different parts of the feature space, since one global value of k may not be
optimal due to the different complexities of multilabel decision boundaries [25]. Label-
specific adaptations further tune the neighborhood size based on the label frequencies
and separabilities [26]. Metric learning is another technique that optimizes the distance
function itself with respect to multilabel k-NN objectives [27], and it involves using label-
specific local metrics or similarity functions that account for multiple semantic relations
between labels [28,29]. In contrast, the present study focuses on predefined analytical
distance functions.

2.3. Distance Functions for Activity-Derived Time Series

Weekly activity profiles can be viewed as short, fixed-length time series where pairwise
distances define which spatial entities are considered functionally similar. There is much
research on time series classification indicating that the selection between pointwise, elastic,
and feature-based distances can greatly impact accuracy and efficiency [14,30,31]. In
multivariate cases, elastic methods do not always outperform simpler ones when both
are properly tuned, and preprocessing, especially normalization, can have as much effect
as the distance itself [32,33]. Dynamic time warping (DTW), a popular elastic distance,
allows for phase shifting due to nonlinear alignment of sequences; there are differentiable
versions like soft-DTW which allow for learning with gradient-based optimization in the
DTW geometry [34]. However, in commuting-related activity profiles, peak timing may
carry functional information, making pointwise distances relevant alternatives to elastic
methods. Pointwise distances thus remain reasonable options to compare empirically.

Complexity-invariant corrections form a related family of methods. The complexity-
invariant distance (CID) rescales a base distance by the ratio of the two series’ complexities
to account for differences in local variability [12]. Its usefulness for land-use inference
depends on whether variability within a profile reflects noise or distinct functional patterns.
In aggregated CDR data, variability often correlates with the sharpness of commuting
peaks. The value of the correction must therefore be assessed empirically, particularly
with multilabel k-NN methods, whose predictions can be sensitive to small changes in
neighborhood composition.

2.4. Validation Under Spatial Dependence

Gridded spatial data call into question the independence assumption behind standard
cross-validation, because neighboring cells typically share infrastructure, demographic
characteristics, and mobility flows. Even iterative stratification, which preserves multilabel
proportions across folds [35,36], does not guarantee spatial separation, and it may give opti-
mistic performance estimates when adjacent cells fall in different folds. Geospatial machine-
learning studies therefore advocate blocked or buffered cross-validation when the goal
is geographic generalization [37,38]. We use iterative stratified k-fold cross-validation for
multilabel benchmarking. Complementary spatially explicit validation would strengthen
conclusions about transferability beyond the study area [39].
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Taken together, the literature indicates that (a) aggregated mobile-network activity
patterns encode land-use information [1,2,17], (b) multilabel formulations can represent
functional mixtures in supervised pipelines [6,21], (c) multilabel k-NN methods provide
interpretable baselines whose outputs depend on the distance function [8,25,26], and (d) dis-
tance choice is an important modeling decision in the classification of temporal activity
signatures [14,31]. However, distance families have not been systematically evaluated
for multilabel k-NN land-use inference in a geographically heterogeneous setting that
includes forested and low-density areas alongside urban areas. This gap motivates the
present benchmark for urban data science pipelines that transform mobile phone traces
into interpretable land-use maps.

3. Distance Metrics for Land-Use Signatures
3.1. Characteristics of CDR-Based Activity Signatures

The structural properties of CDR-derived features motivate the comparison of distance
functions. In the four k-NN classifiers considered here, distances determine the neighbor-
hoods from which label predictions or posterior probabilities are derived. Distance choice
therefore directly links the activity representation to the inferred functional labels.

Three properties of the Trentino activity data are of particular relevance. (i) Clock-
time alignment. Each cell is summarized by a 168-dimensional vector (24 h x 7 days)
formed by binning raw event counts into hourly slots. These profiles retain daily and
weekday-weekend rhythms on a common clock-time grid. The timing of activity peaks
can convey functional information, for example, when residential and commercial areas
differ in their morning or midday activity. Pointwise distances maintain these timing
contrasts, whereas elastic distances allow some temporal displacement. Comparing both
constructions therefore addresses a meaningful modeling choice rather than assuming that
alignment is always beneficial.

(ii) Amplitude heterogeneity. The activity levels exhibited by different urban cores
vary substantially compared to those of peripheral or montane cells. Euclidean and Man-
hattan distances prioritize the absolute differences of the components, while the Canberra
distance scales the difference by the sum of the components. Euclidean and Manhattan
distances are therefore more sensitive to absolute differences in activity volume, while
Canberra emphasizes proportional differences, particularly in low-activity intervals. A
comparison of these approaches is especially relevant when the study area includes both
high-activity urban centers and low-activity peripheral cells.

(iii) Functionally informative variability. The CID correction [12] uses the complexity
of two time series to rescale a base distance metric. Variability in CDR-based profiles could
be a result of the measurement process or the underlying activity patterns, such as commut-
ing or continuous daytime activity. Comparison of the base distance and the corresponding
CID distance gives us an empirical measure of the usefulness of this rescaling.

Together, clock-time alignment, amplitude heterogeneity, and functionally informative
variability motivate the three distance families evaluated below. They also provide an
interpretive framework for discussing the observed classifier—channel differences.

3.2. Base Metrics

The 11 distance functions fall into three groups: (i) five pointwise base metrics that
compare vectors element by element, (ii) five composites that multiply each base metric by
a CID correction factor, and (iii) one elastic metric that combines constrained DTW with the
CID correction. Throughout, x = (x1,...,%,) andy = (y1,...,¥x) denote feature vectors
of length n.
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drasp (X, y

Euclidean. The standard L, norm:

dEud(xr Y) = (xi - yi)z . )

I

Squaring the component differences gives greater weight to large discrepancies, such as
those associated with midday calling peaks in the Trentino urban core. Consequently,
matching peak volumes may make two cells appear similar even when differences in their
off-peak or weekend rhythms are informative about land use.

Manhattan. The L1 norm:

dManh X,y Z |xl (2)

Replacing squared differences with absolute differences decreases the impact of large
differences as compared to the Euclidean measure. But the Manhattan distance does not
normalize each component separately; hence, cells with similarly shaped profiles but
different activity volumes can be far apart.

Logarithmic. A logarithmic-scale variant that compresses large differences:

dLog X, Y Zlog 1 + |xl I) . (3)
i=1

The logarithmic transformation reduces the relative influence of large component-wise
differences while preserving their contribution to the overall distance. Unlike ratio-based
distances, it does not normalize differences by the magnitudes of the corresponding com-
ponents. Instead, it provides a nonlinear transformation of absolute differences, reducing
the dominance of large deviations without explicitly measuring proportional differences.

Hassanat (HasD). A dimensionality-invariant metric [11] that bounds each feature’s
contribution to [0, 1]:

1 1+ min(x;, y;)
. _ 4 munixg, Yi)
~Y'D, D= 1+ max(x;, ;)
! _ 1+ min(x;, }/z) + | mln(xz;yz)|
1+ max(xz, yz) + | mln(xllyl)|

if min(xi,yi) Z 0,
(4)

i=1 otherwise.

Bounding each component’s contribution limits the influence of any single hourly bin. The
added constant also ensures a nonzero denominator for nonnegative, low-activity compo-
nents. Hassanat thus provides a bounded alternative whose classification performance can
be compared with that of the other distances.

Canberra. First proposed by Lance and Williams [10], this ratio-based metric amplifies
discrepancies where both operands are small:

Jn-ul
dewmplsy) = Lo ®

We define 0/0 = 0, so an hourly slot in which both cells are inactive contributes no dis-
similarity. Dividing the absolute difference by the sum of the component magnitudes
emphasizes proportional rather than absolute variation. A small absolute difference be-
tween low-activity components can therefore contribute substantially to the total distance,
making Canberra a relevant candidate for comparing heterogeneous weekly profiles.
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3.3. Complexity-Invariant Composites (CID)

Batista et al. [12] proposed multiplying any base distance d}, by a correction factor that
accounts for differences in the “complexity” (i.e., local variability) of the two series. Series
complexity is quantified as:

and the correction factor is the ratio of the larger to the smaller complexity:

max(CE(x), CE(y))
min(CE(x), CE(y)) -

CF(xy) = )

The composite CID distance is dcip(x,y) = dp(x,y) X CF(x,y).

Applying this correction to the five base metrics produces five composites: CID—
Euclidean, CID-Manhattan, CID-Log, CID-Hassanat, and CID-Canberra. Its usefulness
in Trentino is uncertain (Section 3.1): differences in complexity may reflect measurement
effects or functional contrasts, such as the pronounced morning and evening peaks of
a commuting suburb compared with the nearly flat profile of a forest cell. Rescaling
these differences may therefore alter neighborhood structure in ways that help or hinder
classification.

3.4. DTW-Based Metric

CID-DTW10. We include one elastic distance: DTW [40] constrained by a Sakoe—Chiba
band of width w = 10 and multiplied by the CID correction factor:

dem-ptwio (X, y) = DTWy—10(x,y) X CF(x,y). 8)

Each weekly profile consisting of 168 elements is fed into the DTW algorithm as a single
sequence. The band constraint excludes extreme warping paths while allowing limited
realignments in time.

The CID-DTW10 algorithm is based on two model assumptions: band-constrained
temporal warping and complexity correction. We selected just this elastic comparator
from the benchmark set to make the comparison more focused; we did not evaluate the
uncorrected DTW algorithm separately. The warping window restricts the range of the
alignment, while the CID factor scales the distance obtained by the warping without
increasing computational cost compared to DTW with the same window. One possible
explanation of the CID-DTW10 results could be that the differences in timing of the activity
peaks encode some land use information, which warping removes.

3.5. Computational Complexity

Each pointwise base metric makes a single pass over the n = 168 feature dimensions,
giving a computational cost of O(n) per pair. The CID correction requires an additional
O(n) pass to estimate the complexity of each series, so the five CID composites retain
linear complexity. Unconstrained DTW requires up to O(n?) alignment updates, whereas
a Sakoe—Chiba band of width w reduces this to O(n - w). Comparing a query cell with N
training cells therefore requires O(N - n2) and O(N - n - w) updates, respectively. These
nominal operation counts motivate the use of a constrained window.
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4. Experimental Setup
4.1. Methodological Overview

The design assesses distance choice jointly with classifier choice and activity channel.
Weekly profiles of incoming calls, outgoing calls, and internet activity from 241 labeled
cells are evaluated with eleven distance functions and four multilabel k-NN classifiers.
Each combination is assessed under iterative stratified 10-fold cross-validation, using
nine complementary metrics and the metric-specific configurations described below. Four
non-k-NN classifiers with fixed configurations provide reference baselines, and spatial
prediction maps support interpretation of the numerical results. All of these components
sit within one evaluation framework for land-use classification in heterogeneous urban
and regional settings. Figure 1 summarizes the workflow and highlights three empirical
contributions: extending distance assessment to an urban, suburban, and forest setting (C1);
jointly examining distance functions, classifiers, and activity channels (C2); and combining
aggregate evaluation, per-label diagnostics, and spatial interpretation (C3).

C2 Joint comparison
C1 Urban-suburban—forest settin 11 distances x 4 classifiers
Input data 9 x 3 activity channels
] Select and label Build weekly profiles Apply multilabel k-NN .
Tre‘ntlnol 241 cells Hourly aggregation 10-fold 1 (ﬁalgulate nine
activity grid Six reference labels and global scaling cross-validation evaluation measures

More
combinations?

)
Select next
combination

C3 Quantitative comparison and spatial interpretation

Map the full grid Per-label analysis Compare aggregate results
ML-localkNN + Canberra Canberra vs Euclidean Distance ranks and

P, R, F1; forest specificity four fixed reference models

Figure 1. Methodological workflow of the Trentino distance metric benchmark. C1-C3 identify the
empirical contributions described in the text. P and R denote precision and recall, respectively.

Interpret spatial patterns

4.2. Dataset and Feature Construction

The experimental data come from the Telecom Italia Big Data Challenge [5], which
records telecommunications activity at 10-minute intervals across a grid covering Trentino.
The source dataset spans two months, from 1 November 2013 to 1 January 2014, and
contains five channels: incoming calls, outgoing calls, incoming short message service (SMS)
messages, outgoing SMS messages, and internet sessions. Following prior studies that
identified the call and internet channels as the most discriminative for land-use tasks [6,7],
we retain incoming calls (callin), outgoing calls (callout), and internet usage (internet) and
exclude the two SMS channels.

The period chosen for the current analysis is 4-10 November 2013, a week-long span
with no national holidays. This time frame allows us to cover the entire weekly cycle,
including daily rhythms and weekday-weekend differences that are often detectable in
CDRs [1,2], while making the comparison of different multilabel classifiers computationally
feasible. Based on our previous experience with MAPLID in Milan and Trento, where
weekly CDR profiles aggregated into hourly bins were found to be informative for mul-
tilabel place recognition [6], this representation was chosen. To the best of the authors’
knowledge, there were no special city-wide events impacting the analyzed activity within
this week.
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The Autonomous Province of Trento (Trentino) is an Alpine region characterized by
settlements and economic activities that are confined to valleys and towns such as Trento
and Rovereto. It is one of the wealthiest regions in Italy, with a GDP per capita above
the national average in 2013 [41]. The presence of urban centers, dispersed settlements,
and natural landscapes makes it an interesting case for analyzing heterogeneous land-
use patterns.

The study area includes a 15-by-15 subgrid and a 4-by-4 forested subgrid inside the
provincial grid, resulting in a total of 241 grid cells. It includes central Trento, suburban
settlements, and montane forests and contains all six labels of the benchmark.

These two subgrids were annotated manually by domain experts during the creation
of the dataset following a hierarchical three-step visual procedure. First, a label of morpho-
logical density (high, medium, or low) was assigned based on satellite images by estimating
the building compactness and the visually assessed percentage of impervious surfaces:
above 80%, 25-80%, and below 25%, respectively. These percentages are visual annotation
thresholds and not independent measurements of the surface fractions. Second, labels of
the function of buildings (home, work, or both) were determined based on their type and
context. Large buildings of an industrial or office type were labeled as work, apartment
buildings or subdivisions as home, and mixed-type blocks and campus housing next to
offices as both. Third, ambiguous cases were checked using OpenStreetMap tags, Google
Street View, and cartographic information available from the data portal of the Autonomous
Province of Trento [42]. Disagreements between annotators were resolved through a joint
review, prioritizing provincial cartographic information.

The additional, nonexclusive label forest was used if there was a presence of forest or
natural vegetation in the cell, based on satellite imagery and land cover maps; the mere
presence of vegetation was not enough. The archival data do not provide information on
the date of imagery and the interrater agreement before the consensus. We therefore refer
to the consensus annotations as reference labels, rather than verified ground truth.

The reference labels forest, home, and work are shown in Figure 2a—c, and the composite
high-, medium-, and low-density labels are shown in Figure 2d.

eas True Labels for Trento (15-by-15 + 4-by-4 Subgrid)

@) (b)

(d)

Figure 2. Manually assigned reference labels used to interpret the Trento study area: (a) forest;
(b) home; (c) work; and (d) combined density. Red represents the positive labels and white negative
ones.
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The raw 10-minute data were aggregated into hourly intervals, yielding 168 dimen-
sions per feature vector (24 h x 7 days) and three multilabel datasets, one per channel.
Before distance calculation, all hourly input features within each channel were normalized
to [0, 1] using a single global scaling factor [43]. This factor was estimated from the complete
study dataset, and normalization was applied before the data were partitioned into folds,
ensuring that all configurations for a given channel used the same preprocessed inputs.
The implications of this choice are discussed in Section 6.

The six labels are defined as follows:

*  Work: predominantly commercial, office, or institutional land use.
¢  Home: predominantly residential land use.

e  Forest: predominantly natural or forested land cover.

*  High density: high built-up density.

*  Medium density: intermediate built-up density.

*  Low density: low built-up density.

A cell may have multiple labels. The three density labels are mutually exclusive, whereas
home, work, and forest may co-occur with a density label. The observed prevalences are:
home 155/241 (64.3%), work 44 /241 (18.3%), forest 220/241 (91.3%), high density 49/241
(20.3%), medium density 89/241 (36.9%), and low density 103/241 (42.7%). The high
prevalence of forest, in particular, means that aggregate scores cannot establish class-specific
discrimination. Supplementary Table S2 provides per-label diagnostics for selected ML-
localkNN configurations, including specificity for identifying the 21 non-forest cells.

Standard multilabel descriptors [44] characterize the selected study area as moderately
multilabel: the average label cardinality is 2.739 (approximately three active labels per cell),
the label density is 0.456, and 15 of the 64 theoretically possible label combinations (2°)
are represented.

4.3. Multilabel k-NN Classifiers
Four multilabel k-NN algorithms serve as the distance-sensitive core of the benchmark:

*  BR-kNN [9]: decomposes the multilabel problem into one independent k-NN binary
classifier per label and aggregates the individual decisions.

e  ML-kNN [8]: applies Bayesian reasoning to the label frequency vector observed among
the k closest training instances, producing per-label posterior probability estimates.

*  LAML-kNN [45]: augments the k-NN neighborhood with local label-awareness mech-
anisms that adapt predictions to the label composition of each region.

*  ML-localkNN [25]: extends ML-kNN with two kinds of locality, local distance weight-
ing and label-specific neighborhood priors, which makes it the classifier most sensitive
to the underlying distance geometry.

Including classifiers that use distance information in different ways allows us to assess
whether the benefit of changing distance functions depends on how each classifier uses its
neighborhood [25,26].

Four non-k-NN multilabel classifiers with fixed configurations provide reference base-
lines: Classifier Chains (CC) [46] with a support vector machine (SVM) base learner using
a radial basis function (RBF) kernel; Label Powerset (LP) and Random k-Labelsets with dis-
joint partitions (RAKEL-d) [47], each using a depth-limited random forest (max_depth = 2);
and Multilabel Conditional Random Fields (ML-CRF), trained using the limited-memory
Broyden-Fletcher-Goldfarb—Shanno (L-BFGS) algorithm for up to 100 iterations with
c1 = ¢ = 0.1 and unrestricted label transitions. RAKEL-d used a disjoint labelset size of 1,
a conservative decomposition choice. These baselines were not exhaustively tuned and
serve as fixed reference points for the k-NN benchmark. The study assesses distance effects
within this benchmark and does not establish a ranking of classifier families.
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4.4. Evaluation Protocol
4.4.1. Cross-Validation and Parameter Selection

All experiments use iterative stratified 10-fold cross-validation [35,36]. In iterative
stratification, examples are allocated such that each fold represents the overall multilabel
distribution, which makes it a better method for assessing performance compared to
random stratification where multiple labels overlap.

Neighborhood settings were selected separately for each evaluation objective. For
BR-kNN, ML-kNN, and LAML-kNN, the global neighborhood size was varied over
ke {1,...,25}. ML-localkNN used a local neighborhood size derived from the train-
ing data, with sorting and averaging settings selected for each objective. Settings selected
using the original metric definitions were retained and reevaluated using the consistent
definitions below, without retuning, to preserve comparability with the existing benchmark.
For BR-kNN accuracy, k was selected over k = 1, ..., 25 using the mean Jaccard similarity
across folds. The same ten folds are used for selection and reporting.

Tables in the next section represent a metric-specific empirical upper-bound benchmark
under the historical selection scheme, rather than the performance of a single production
model. Here, “upper-bound” describes a comparison conditioned on parameter selection;
it is not a guaranteed mathematical bound or an independently validated estimate of
generalization performance. The reuse of the folds for the selection and reporting of results
can lead to overly optimistic performance evaluations [48]. The exact global k values and
the ML-localkNN sort_k, nmedia, and objective codes are provided in Supplementary
Table S1 for each classifier-metric pair. For ML-localkNN, the actual k differs per instance
and fold; the historical average is presented separately.

4.4.2. Evaluation Metrics

Nine complementary metrics are used to quantify multilabel performance, employing
a common set of evaluation definitions. Let Y; and 171' denote the reference and predicted
label sets for instance i, let L = 6 be the number of labels, and let s;, be the continuous score
for label ¢. Each metric is calculated within each test fold. The resulting tables in the next
section report the unweighted means of the ten fold scores and the population standard
deviation of these scores (ddof = 0), rather than a pooled score across all 241 cells. The
separate per-label analysis below uses pooled out-of-fold predictions.

*  Accuracy (1): instance-averaged Jaccard similarity between predicted and reference
label sets.

e Hamming loss (}): mean |Y; A Y;|/L, the fraction of incorrectly assigned label-
instance pairs.

e F1score (1): mean of the instance values F; = 2|Y; N Y;|/(|Y;| +|Yi]).

e ROCAUC (1): micro-averaged area under the receiver operating characteristic (ROC)
curve, pooling scores and binary reference indicators for all label-instance pairs within
a fold. Ties between positive and negative scores receive half credit. This metric is not
the mean of the per-label AUCs.

e  Coverage (|): mean zero-based depth needed to retrieve all relevant labels. Tied scores
receive their largest possible rank.

e  Ranking loss (}): mean fraction of relevant-irrelevant label pairs with s;y < s;,,, so a
tie counts as an ordering error.

* Average precision (1): mean noninterpolated average precision (AP), calculated
separately for each instance with tied label scores treated as a single threshold.

e Recall (1): mean of the instance values R; = |Y; N Y;|/|Yil.

e Precision (1): mean of the instance values P; = |Y; N Yi|/|Yi.
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An upward arrow means that higher values are better for the corresponding metric, while
a downward arrow indicates that lower values are better for the corresponding metric.

The term accuracy refers to instance-based Jaccard similarity, J; = |Y; N Y; |/1Y; U ?l-|
(higher is better), rather than exact-match (subset) accuracy. When both the reference and
predicted sets are empty, |; = P; = R; = F; = 1. If exactly one set is empty, the undefined
precision or recall ratio is assigned zero, and F1 and Jaccard similarity are also zero. F1
is averaged after calculating label overlap for each instance; it is neither micro-F1 nor the
harmonic mean of the fold-level mean precision and recall. For the same predictions,
Ji=F/(2—F)and J; < F; consequently, F/(2 — F) < ] < F. These relationships apply
to predictions from a single configuration, not to table entries evaluated using different
metric-specific settings.

For a nonempty reference label set, coverage is maxycy, [{# : i, > s }| — 1. Instance
APis
1 - {meYitsin>sil

Yil (&, [{m = sim = si}]

AP; )
Thus, AP averages precision over the reference labels for each instance, including all labels
tied at each score threshold; it is not micro-AP pooled across cells. An instance with no
reference labels receives a coverage of zero and an AP of one. Ranking loss is zero when
there are no relevant-irrelevant label pairs. ROC AUC is undefined when a fold contains
only one class of binary reference indicator; such values are not replaced by zero.

4.4.3. Per-Label Evaluation

Supplementary Table S2 reports per-label precision, recall, and F1 for ML-localkNN
with Canberra and Euclidean distances on each activity channel. For each distance—channel
pair, all three metrics use the single retained F1 configuration documented in Supplemen-
tary Table S1, without retuning. We pool the ten archived sets of held-out predictions,
with each of the 241 labeled cells contributing once, and calculate per-label scores from
the pooled confusion counts. These scores differ from the instance-based, unweighted
fold means in the main tables. The number of positive reference instances is reported
for all six labels; specificity for forest additionally measures recognition of the 21 cells
without that reference label. Table S2 also reports the exact configuration settings and
aggregation definitions.

4.4.4. Performance Comparison

Boldface identifies the best displayed result for each metric across all eleven distances
and classifier-channel combinations, considering both pages of each k-NN table together.
Ties at the displayed precision are retained, and baselines are compared separately. A ¢-test
is conducted with an alpha level of 0.05 to determine if there are significant differences
between the best result and the remaining results. If there are no significant differences, the
results are marked in italics.

5. Results
5.1. Performance Tables

Each row identifies a distance—channel-classifier combination. The metrics are pre-
sented in two groups: Jaccard accuracy, Hamming loss, coverage, ranking loss, and average
precision; and F1, recall, precision, and ROC AUC. Each k-NN table spans two pages,
presenting the five base distances followed by the six CID-based distances, including the
elastic composite. The distance abbreviations are Eucl, Manh, Log, HasD, CanD, CID-Eucl,
CID-Manh, CID-Log, CID-HasD, CID-CanD, and CID-DTW.
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Tables 1 and 2 report the performance of the fixed non-k-NN reference configurations.
Arrows indicate whether higher (1) or lower (|) values represent better performance. On
callin, LP has the highest mean Jaccard accuracy and F1 among these baselines, at 0.658 and
0.741, respectively, whereas RAKEL-d has the lowest Hamming loss and ranking loss, at
0.222 and 0.145. Performance among the reference configurations therefore also depends
on the evaluation objective. Their fixed hyperparameters and role in contextualizing the
distance comparison are described in Section 4.3; these results do not establish a ranking of
classifier families.

Table 1. Baseline performance on the Trento benchmark: Jaccard accuracy, Hamming loss, coverage,
ranking loss, and average precision. Highlighting follows Section 4.4.4.

Metric
Dataset Classifier
Acc. (D) HL ({) Cov. (}) RankL ({) AvgP (1)
cC 0.585 + 0.059 0.289 + 0.043 3.618 £+ 0.265 0.275 £+ 0.051 0.813 £+ 0.037
callin LP 0.658 £ 0.053 0.237 £+ 0.040 2.762 £ 0.235 0.151 £+ 0.033 0.884 £ 0.019
RAKEL-d 0.610 £ 0.061 0.222 + 0.041 2.766 = 0.233 0.145 + 0.031 0.890 £+ 0.018
ML-CRF 0.557 £+ 0.067 0.313 £+ 0.048 3.050 £+ 0.129 0.207 £+ 0.016 0.840 £+ 0.018
CC 0.576 + 0.045 0.296 + 0.033 3.656 £ 0.206 0.285 + 0.037 0.806 £ 0.029
callout LP 0.650 £ 0.075 0.243 £+ 0.054 2.773 £ 0.264 0.154 £+ 0.029 0.883 £ 0.020
RAKEL-d 0.602 £ 0.048 0.225 £+ 0.033 2.833 £ 0.263 0.157 £ 0.033 0.881 + 0.024
ML-CRF 0.555 + 0.042 0.314 £+ 0.029 3.048 £+ 0.117 0.207 £+ 0.019 0.840 £ 0.018
CC 0.580 + 0.047 0.293 + 0.031 3.657 £+ 0.183 0.281 + 0.033 0.809 + 0.028
internet LP 0.633 £ 0.061 0.255 + 0.045 2.804 £ 0.240 0.159 + 0.026 0.880 = 0.014
RAKEL-d 0.585 + 0.051 0.234 4+ 0.032 2.838 +0.184 0.161 £+ 0.023 0.875 £+ 0.015
ML-CRF 0.558 £ 0.054 0.312 £+ 0.036 3.041 £ 0.069 0.206 £ 0.027 0.841 £+ 0.031

Table 2. Baseline performance on the Trento benchmark: F1, recall, precision, and ROC AUC.

Metric
Dataset  Classifier
F1 (1) Rec. (1) Prec. (1) ROC (1)
CC 0.683 £0.044 0.7124+0.040 0.669 +0.048  0.736 £ 0.047
callin LP 0.741 £+ 0.040  0.754 +0.037 0.740 = 0.045 0.859 £ 0.037
RAKEL-d 0.728 £ 0.044  0.683 +-0.048 0.812 +0.040  0.865 = 0.033
ML-CRF 0.658 £0.053 0.685 4+ 0.048 0.645+0.058 0.786 £ 0.017
CC 0.674 +£0.036  0.701 =0.035 0.662 +0.037  0.729 £ 0.033
callout LP 0.734 £ 0.060 0.748 & 0.065 0.733 +0.054  0.854 £+ 0.035
RAKEL-d 0.723 £0.037 0.673 +0.042 0.813 & 0.037  0.854 £ 0.038
ML-CRF 0.656 £0.033 0.683 +0.031 0.643 +0.035 0.789 £+ 0.018
CC 0.678 £0.038 0.704 +0.032 0.666 + 0.044  0.727 £+ 0.035
internet LP 0.720 £+ 0.047 0.733 £ 0.050 0.720 £ 0.044 0.847 £+ 0.035
RAKEL-d 0.710 £0.038  0.654 +=0.050 0.809 & 0.037  0.846 = 0.029
ML-CRF 0.659 +£0.044 0.687 +0.037 0.646 +0.051  0.789 £ 0.025

5.2. Distance, Classifier, and Channel Effects

Tables 3 and 4 show that the relative performance of distance functions depends on
the classifier, activity channel, and evaluation objective. All comparisons below refer to
the retained metric-specific configurations. For ML-localkNN on callin, Canberra yields
a ranking loss of 0.125 £ 0.034 and an average precision of 0.905 £ 0.022, compared with
0.137 £ 0.039 and 0.900 £ 0.022, respectively, for Euclidean distance. Mean precision,
however, is higher with Euclidean distance: 0.828 versus 0.821 with Canberra. Distance
rankings vary across channels. In the case of ML-kNN, for callin, Canberra distance has a
higher mean F1 score than Euclidean distance: 0.770 = 0.043 and 0.757 = 0.037, respectively.
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For internet, the ordering is reversed: Euclidean distance provides 0.756 & 0.046 while

Canberra provides 0.739 & 0.035. Within a given activity channel, the relative performance

of distance functions also depends on the classifier. For callin, Canberra distance has the
highest mean F1 score among the eleven distances for BR-kNN, ML-kNN, and LAML-kNN.
In the case of ML-localkNN, CID-Euclidean has the highest mean F1 score of 0.765, while

Canberra provides 0.761.

Table 3. k-NN performance across all eleven distances: Jaccard accuracy, Hamming loss, coverage,

ranking loss, and average precision. Base distances are followed by their CID counterparts and

CID-DTW10. Highlighting follows Section 4.4.4 across both pages.

Metric

Dist. Dataset Classifier Ace. (D HL () Cov. (1) RankL () AvgP (D)
BR-kKNN 0.678 +0.047 0.212 +0.033 2.704 +£0.308 0.157 £0.042 0.881 4+ 0.023
callin ML-kNN 0.663 + 0.053 0.210 +£0.033 2.598 +£0.230 0.135+0.031 0.901 4+ 0.018
LAML-kNN 0.643 + 0.059 0.223 +0.039 2.651 +£0.234 0.165 +0.047 0.872 +0.016
ML-localkNN  0.662 + 0.061 0.211 £0.043 2.610 £0.263 0.137 +0.039  0.900 + 0.022
BR-kNN 0.656 + 0.066 0.226 +0.047 2.720£0.195 0.159 +£0.023 0.875 4+ 0.019
Eucl callout ML-kNN 0.643 + 0.083 0.223 + 0.054 2.643 +£0.297 0.146 +£0.037 0.888 4+ 0.030
LAML-kNN 0.636 + 0.083 0.228 + 0.054 2.635+0.302 0.168 +0.045 0.873 4+ 0.030
ML-localkNN  0.640 + 0.069 0.223 + 0.034 2.638 £0.288 0.150 +£0.033 0.888 4+ 0.024
BR-kNN 0.666 + 0.059 0.225+0.033 2.862 £0.223 0.170 £0.024 0.869 £+ 0.017
internet ML-kNN 0.666 + 0.059 0.226 +0.040 2.687 +£0.191 0.147 £0.026 0.891 4+ 0.024
LAML-kNN 0.666 + 0.059 0.226 +0.040 2.687 +£0.191 0.147 £0.026 0.891 4+ 0.024
ML-localkNN  0.633 + 0.053 0.227 +0.032 2.703 +£0.205 0.152 £0.026 0.885 4+ 0.024
BR-kNN 0.664 + 0.055 0.216 +£0.040 2.700 +£0.283 0.156 +0.042 0.881 4+ 0.028
callin ML-kNN 0.665+ 0.045 0.210 +£0.034 2.658 +£0.216 0.139 £0.043 0.896 + 0.020
LAML-kNN 0.652 +0.062 0.218+0.045 2.688 +0.244 0.169 +£0.026 0.875 4+ 0.019
ML-localkNN  0.663 + 0.062 0.213 £ 0.027 2.605 £ 0.276  0.140 £ 0.037  0.898 £+ 0.030
BR-kNN 0.646 + 0.077 0.231 £0.031 2.731 £0.166 0.161 £0.025 0.873 £+ 0.021
Manh callout ML-kNN 0.640 + 0.073 0.233 +£0.029 2.679 +£0.232 0.148 £0.030 0.886 4+ 0.022
LAML-kNN 0.634 +0.071 0.231 +0.043 2.702+0.193 0.167 £0.034 0.872 4+ 0.029
ML-localkNN  0.631 + 0.053 0.228 +0.043 2.657 £0.231 0.147 £0.036 0.884 4+ 0.027
BR-kNN 0.652 £0.051 0.235+0.050 2.8524+0.240 0.168 +£0.028 0.873 + 0.021
internet ML-KkNN 0.652 + 0.051 0.236 +0.041 2.717 £0.244 0.153 £0.031 0.887 4+ 0.025
LAML-kNN 0.652 + 0.051 0.237 +£0.036 2.729 +£0.150 0.155 +0.028 0.885 4+ 0.026
ML-localkNN  0.621 + 0.059 0.243 + 0.040 2.734 +0.237 0.154 £0.033 0.886 4+ 0.028
BR-kNN 0.662 + 0.055 0.216 +£0.040 2.700 +£0.283 0.155 +£0.042 0.881 4+ 0.029
callin ML-kNN 0.666 + 0.044 0.210 £ 0.033 2.654 +0.213 0.139 £0.043 0.896 + 0.019
LAML-kNN 0.654+ 0.064 0.215+0.036 2.682+0.219 0.168 £0.039 0.875 4+ 0.019
ML-localkNN  0.663 4+ 0.052 0.216 £+ 0.027 2.621 +0.274 0.138 +0.030  0.898 £ 0.027
BR-kNN 0.646 + 0.077 0.231 £0.031 2.722 +£0.165 0.161 £0.021 0.873 4 0.020
Log callout ML-kNN 0.640 + 0.073 0.232 +0.042 2.679 +£0.232 0.148 £0.030 0.886 4+ 0.022
LAML-kNN 0.635+ 0.071 0.231 +0.043 2.702+0.191 0.167 £0.034 0.872 4+ 0.029
ML-localkNN  0.636 + 0.069 0.229 + 0.041 2.649 £0.210 0.149 £0.034 0.884 4+ 0.032
BR-kNN 0.652 + 0.051 0.235+0.050 2.852 +0.240 0.168 +0.028 0.873 + 0.021
internet ML-kNN 0.652 + 0.051 0.236 +0.041 2.717 £0.244 0.153 £0.031 0.887 4+ 0.025
LAML-kNN 0.652 + 0.051 0.237 +£0.036 2.729 +£0.150 0.155 +0.028 0.885 4+ 0.026
ML-localkNN  0.620 + 0.052 0.241 +0.040 2.718 £0.247 0.152 £0.031 0.886 4+ 0.030
BR-KNN 0.670 + 0.055 0.215+ 0.039 2.697 +£0.290 0.155 +0.042 0.881 4+ 0.029
callin ML-kNN 0.663+ 0.046 0.213+0.033 2.649 +£0.242 0.140 £ 0.045 0.899 4+ 0.020
LAML-kNN 0.653 +0.055 0.218+0.036 2.690+0.215 0.163 £0.034 0.875 4+ 0.019
ML-localkNN  0.672 + 0.051 0.209 + 0.043 2.621 £0.270 0.139 +0.030 0.897 + 0.021
BR-kNN 0.646 + 0.077 0.231 £0.0564 2.726 £0.159 0.161 £0.025 0.873 4 0.020
HasD callout ML-kNN 0.636 + 0.073 0.231 +£0.029 2.669 +0.178 0.147 £0.031 0.888 4+ 0.023
LAML-kNN 0.632 + 0.077 0.235+ 0.020 2.694 +0.188 0.169 +£0.040 0.872 4+ 0.029
ML-localkNN  0.635 + 0.057 0.231 £ 0.045 2.636 £0.209 0.146 +£0.038 0.886 4+ 0.023
BR-kNN 0.652 +0.051 0.236 +£0.040 2.852 +£0.240 0.168 £0.028 0.873 £+ 0.021
internet ML-kNN 0.652 + 0.051 0.234 +0.041 2.717 £0.244 0.154 £0.031 0.885 4+ 0.026
LAML-kNN 0.652 + 0.051 0.237 +£0.036 2.729 +£0.150 0.155 +0.028 0.885 4+ 0.026
ML-localkNN  0.626 + 0.055 0.237 +0.038 2.707 £0.232 0.154 +£0.028 0.886 4+ 0.029
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Table 3. Cont.
Dist Dataset  Classifi Metric
o arasel aser Ace. (1) HL (}) Cov.() RankL(})  AvgP (D
BR-KNN 0.683 = 0.064 0.203 + 0.042 2.603 + 0227 0.146 + 0.036 0.891 =+ 0.025
llin ML-KNN 0.681 + 0.046 0205+ 0.035 2.546 + 0.200 0.126 + 0.036 0.905 + 0.024
LAML-kNN  0.677 & 0.044 0206+ 0.030 2.568 + 0217 0.154 + 0.043 0.888 + 0.021
ML-localkNN  0.671 & 0.046 0.208 + 0.034 2.494 + 0.202 0.125 + 0.034  0.905 + 0.022
BR-KNN 0.665 + 0.060 0215+ 0.041 2.652+ 0216 0.148 +0.024 0.891 + 0.028
CanD caliont ML-KNN 0.656 £ 0.072 0217+ 0.048 2.637 + 0271 0.140 + 0.025 0.897 + 0.026
LAML-KNN 0,655 + 0.083 0232+ 0.038 2.671 +0.209 0.150 +0.044 0.891 + 0.029
ML-localkNN  0.658 & 0.079  0.220 + 0.047 2.657 + 0234 0.135 + 0.036 0.896 + 0.021
BR-KNN 0.644 +0.047 0.239+0.040 2.880+0.189 0.175-+0.032 0.867 = 0.015
iternet ML-KNN 0.644 +0.047 0245+ 0032 2732+ 0254 0160+ 0017 0.883 + 0.018
LAML-KNN  0.644 + 0.047 0245+ 0.032 2740 +0.155 0.160 +0.017 0.883 + 0.018
ML-localkNN  0.614 & 0.051 0240 + 0.040 2.769 + 0172 0.163 + 0.034 0.876 + 0.020
BR-KNN 0.675 £ 0.048 0210+ 0.032 2.701 + 0253 0.152 + 0.042 0.884 + 0.026
llin ML-KNN 0.669 £ 0.042 0213+ 0.046 2.619 + 0241 0136 +0.032  0.897 + 0.020
LAML-KNN 0,659 + 0.058 0.213 + 0.038 2.641 + 0231 0.161 +0.052 0.875 + 0.018
ML-localkNN  0.670 & 0.042 0209 + 0.044 2.576 + 0.264 0.136 + 0.035 0.899 =+ 0.019
BR-KNN 0.666 + 0.074 0216+ 0.053 2.724+0220 0.160 + 0.025 0.877 + 0.020
CIDEud .,  ML-KNN 0.652 + 0.087 0221+ 0.050 2.642+0270 0.142 +0.032 0.891 + 0.022
LAMLKNN  0.652 & 0.080 0228 +0.056 2.658 +0270 0.162 +0.050 0.873 = 0.032
ML-localkNN  0.643 & 0.057 0220 + 0.041 2.607 + 0256 0.141 + 0.030 0.892 + 0.025
BR-KNN 0.652 +0.051 0.232+0.039 2.835+ 0236 0.168+0.025 0871+ 0.015
cnternet ML-KNN 0.652 + 0.051 0.237 +0.037 2.691+ 0255 0.152+0.027 0.886 + 0.018
LAML-KNN 0,652 + 0.051 0237 +0.037 2.691 + 0255 0.152+0.027 0.886 + 0.018
ML-localkNN  0.618 & 0.059 0.238 + 0.046 2.746 + 0230 0.161 + 0.033 0.879 + 0.021
BR-KNN 0.661 + 0.047 0214+ 0.041 2.688 + 0283 0.151 +0.042 0.886 =+ 0.026
llin ML-KNN 0.658 £ 0.069 0216+ 0.035 2.629 0231 0138 +0.030 0.896 - 0.022
LAML-KNN 0,667 + 0.060 0.212 + 0.047 2.652 +0.298 0.160 + 0.043 0.875 - 0.017
ML-localkNN  0.663 & 0.069 0.214 + 0.046 2.585 + 0.285 0.131 + 0.034 0.902 + 0.019
BR-KNN 0.655 + 0.070 0221+ 0.047 2.712+0203 0.156 +0.024 0.876 + 0.018
CID-Manh ;. ML-kNN 0.651 + 0.066 0.223 +0.051 2.665+ 0238 0.145+0.032 0.890 + 0.025
LAML-KNN 0,651 + 0.076 0232 +0.018 2.674 + 0246 0.165 + 0.057 0.872 + 0.033
ML-localkNN  0.654 & 0.065 0.222 + 0.040 2.639 + 0242 0.140 + 0.025 0.891 + 0.018
BR-KNN 0.653 + 0.046 0227 +0.035 2.844+0.181 0.169 +0.021 0.872 + 0.017
cvternet ML-KNN 0.653 + 0.046 0235+ 0.032 2.689 +0229 0.151 +0.025 0.884 + 0.019
LAML-KNN  0.653 & 0.046 0.235+0.032 2.689 +0229 0151 +0.025 0.884 + 0.019
ML-localkNN  0.622 = 0.071 0237 + 0.048 2.744 + 0232 0.154 +0.028 0.880 + 0.021
BR-KNN 0.661 = 0.047 0214+ 0.041 2.689 + 0249 0.151 + 0.042 0.886 =+ 0.026
callin MLKNN 0.656 £ 0.070 0214 + 0.047 2.637 + 0227 0139+ 0.031  0.896 -+ 0.022
LAML-KNN 0,662 + 0.064 0.211 + 0.045 2.660 +0.298 0.160 + 0.042 0.875 - 0.017
ML-localkNN  0.665 & 0.066 0.209 + 0.051 2.593 + 0.270 0.132 + 0.032  0.903 + 0.019
BR-KNN 0.655 + 0.070 0221+ 0.047 2.712+0203 0.156 +0.024 0.876 + 0.018
CID-Log oy  ML-KNN 0.651 + 0.066 0223+ 0.050 2.673+ 0215 0.146+0.033 0.889 + 0.026
LAML-KNN 0,651 + 0.076 0232 +0.053 2.674 + 0246 0.165 + 0.057 0.872 + 0.033
ML-localkNN  0.650 & 0.062 0.224 + 0.055 2.642 + 0257 0.139 + 0.026 0.892 + 0.020
BR-KNN 0.653 + 0.046 0227 +0.034 2.844+0.181 0169 +0.021 0.872 + 0.017
ctormet ML-KNN 0.653 + 0.046 0235+ 0.032 2.689 +0229 0.151 +0.025 0.884 + 0.019
LAML-KNN  0.653 & 0.046 0.235+0.032 2.689 +0229 0151 +0.025 0.884 + 0.019
ML-localkNN  0.621 & 0.071 0238 + 0.047 2.750 + 0240 0.156 + 0.029 0.879 + 0.016
BR-KNN 0.658 = 0.046 0216 + 0.038 2.689 + 0249 0.151 + 0.042 0.886 =+ 0.026
callin MLKNN 0.658 = 0.064 0215+ 0.034 2.629+0217 0138 +0.029 0.896 + 0.019
LAML-KNN 0,663 + 0.049 0.214 + 0.039 2.655 + 0309 0.161 + 0.042 0.875 + 0.017
ML-localkNN  0.660 & 0.068 0.213 + 0.049 2.602 + 0275 0.131 + 0.038  0.900 + 0.024
BR-KNN 0.656 = 0.069 0221+ 0.047 2.708 +0.197 0.156 + 0.024 0.877 + 0.019
CID-HasD .,  ML-kNN 0.655 + 0.064 0222+ 0.040 2.659 + 0226 0.144 +0.028 0.890 + 0.020
LAMLKNN  0.651 £ 0.076 0229 +0.038 2.669 + 0243 0.164 +0.023 0.872 + 0.033
ML-localkNN  0.651 & 0.059 0.220 + 0.041 2.649 + 0238 0.141 + 0.036 0.890 + 0.023
BR-KNN 0.650 + 0.046 0.228 +0.034 2.839+0.183 0.169 +0.022 0.872 + 0.018
ctormet ML-KNN 0.650 = 0.046 0238 +0.033 2702+ 0228 0.154+0.022 0.883 =+ 0.018
LAML-KNN  0.650 = 0.046 0.238 +0.033 2702+ 0228 0.154 +0.022 0.883 + 0.018
ML-localkNN  0.616 & 0.073 0243 + 0.050 2.754+ 0232 0.159 + 0.026 0.879 + 0.014
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Table 3. Cont.

Dist.

Dataset

Classifier

Metric

Acc. ()

HL ({)

Cov. ({)

RankL ()

AvgP (1)

CID-CanD

callin

callout

internet

BR-KNN
ML-KNN
LAML-KkNN
ML-localkNN
BR-KNN
ML-kNN
LAML-KkNN
ML-localkNN
BR-KNN
ML-kNN
LAML-KkNN
ML-localkNN

0.675 + 0.051
0.668 £ 0.055
0.637 + 0.037
0.668 + 0.044
0.669 + 0.055
0.665 £ 0.047
0.670 + 0.059
0.679 £ 0.062
0.638 £+ 0.048
0.638 + 0.048
0.638 + 0.048
0.609 + 0.061

0.207 + 0.039
0.204 £+ 0.037
0.222 £+ 0.067
0.207 £ 0.029
0.210 + 0.042
0.213 £ 0.034
0.209 £+ 0.039
0.204 + 0.030
0.233 = 0.040
0.239 + 0.033
0.242 + 0.022
0.242 £ 0.044

2.615 + 0.232
2.564 £ 0.217
2.600 +£ 0.230
2.557 £0.179
2.671 +0.233
2.592 £ 0.193
2.629 £ 0.223
2.628 £ 0.215
2.881 £+ 0.147
2.724 £ 0.239
2.724 £+ 0.239
2.731 £ 0.160

0.145 £+ 0.039
0.127 £ 0.030
0.152 £ 0.019
0.126 + 0.031
0.149 £ 0.031
0.133 £ 0.031
0.147 £ 0.041
0.134 + 0.031
0.171 £ 0.020
0.157 £ 0.029
0.158 + 0.024
0.155 £+ 0.022

0.892 £ 0.023
0.903 £ 0.021
0.886 + 0.014
0.904 £+ 0.024
0.885 £ 0.018
0.899 £ 0.025
0.892 + 0.027
0.901 £+ 0.019
0.870 = 0.013
0.880 + 0.019
0.880 + 0.019
0.881 = 0.021

CID-DTW

callin

callout

internet

BR-kNN
ML-KNN
LAML-KkNN
ML-localkNN
BR-KNN
ML-kNN
LAML-KkNN
ML-localkNN
BR-KNN
ML-kNN
LAML-KkNN
ML-localkNN

0.653 £ 0.042
0.649 + 0.037
0.648 + 0.036
0.653 + 0.071
0.653 £ 0.057
0.649 + 0.067
0.645 £+ 0.063
0.653 £ 0.057
0.634 + 0.037
0.634 + 0.037
0.634 + 0.037
0.629 + 0.059

0.223 + 0.041
0.225 £+ 0.034
0.225 + 0.025
0.220 + 0.045
0.224 + 0.041
0.223 £ 0.048
0.223 + 0.030
0.227 + 0.040
0.229 £+ 0.037
0.242 + 0.033
0.241 + 0.034
0.227 £ 0.039

2.723 £ 0.291
2.681 £ 0.244
2.682 £ 0.290
2.641 £ 0.273
2.704 £ 0.212
2.598 £ 0.257
2.599 + 0.239
2.582 +£0.271
2.840 £ 0.235
2.742 £ 0.192
2.757 £ 0.230
2.767 £ 0.261

0.156 £ 0.041
0.141 £ 0.033
0.168 + 0.039
0.139 £+ 0.029
0.157 £ 0.021
0.139 £ 0.041
0.161 + 0.053
0.139 £+ 0.040
0.163 £ 0.027
0.154 £ 0.017
0.161 £ 0.021
0.154 £+ 0.026

0.883 £+ 0.025
0.889 + 0.019
0.872 + 0.026
0.893 + 0.020
0.876 £+ 0.027
0.891 + 0.030
0.876 + 0.028
0.892 + 0.024
0.871 £ 0.015
0.882 + 0.024
0.880 + 0.022
0.884 £ 0.024

Table 4. k-NN performance across all eleven distances: F1, recall, precision, and ROC AUC. Base
distances are followed by their CID counterparts and CID-DTW10. Highlighting follows Section 4.4.4

across both pages.

Dist.

Dataset

Classifier

Metric

F1(1)

Rec. (1)

Prec. (1)

ROC (1)

Eucl

callin

callout

internet

BR-KNN
ML-KNN
LAML-KkNN
ML-localkNN
BR-kNN
ML-KNN
LAML-KkNN
ML-localkNN
BR-kNN
ML-KNN
LAML-KkNN
ML-localkNN

0.765 £+ 0.037
0.757 £ 0.037
0.748 + 0.041
0.755 £ 0.045
0.742 £ 0.053
0.740 £ 0.063
0.738 &= 0.065
0.739 + 0.040
0.756 £ 0.046
0.756 £ 0.046
0.756 £+ 0.046
0.740 £ 0.051

0.756 + 0.042
0.760 £ 0.065
0.750 £+ 0.054
0.779 £ 0.055
0.733 £ 0.045
0.745 £ 0.053
0.737 + 0.084
0.758 + 0.063
0.767 + 0.047
0.767 + 0.047
0.767 = 0.047
0.757 £ 0.059

0.841 £+ 0.062
0.815 £ 0.034
0.793 + 0.048
0.828 + 0.037
0.843 + 0.057
0.795 £ 0.046
0.780 £ 0.043
0.810 £+ 0.042
0.868 £ 0.042
0.799 £+ 0.042
0.782 £ 0.039
0.794 + 0.047

0.859 £ 0.031
0.863 £+ 0.034
0.835 + 0.051
0.858 £ 0.040
0.852 £ 0.033
0.849 £ 0.040
0.826 + 0.045
0.850 + 0.047
0.855 £ 0.034
0.857 £ 0.035
0.842 £ 0.025
0.859 + 0.037

Manh

callin

callout

internet

BR-KNN
ML-KNN
LAML-KkNN
ML-localkNN
BR-KNN
ML-KNN
LAML-KkNN
ML-localkNN
BR-kNN
ML-KNN
LAML-KkNN
ML-localkNN

0.753 £ 0.047
0.759 + 0.033
0.749 £+ 0.043
0.756 £ 0.036
0.736 £ 0.038
0.733 £ 0.056
0.732 £ 0.062
0.734 £ 0.047
0.746 £ 0.044
0.746 £ 0.044
0.746 + 0.044
0.725 £ 0.057

0.744 + 0.057
0.750 £ 0.049
0.751 £ 0.051
0.771 £ 0.060
0.729 £+ 0.042
0.739 £ 0.064
0.737 + 0.068
0.749 £+ 0.052
0.760 + 0.048
0.760 £ 0.048
0.760 £ 0.048
0.759 £+ 0.046

0.853 £+ 0.040
0.807 £ 0.051
0.796 + 0.047
0.827 + 0.044
0.833 £+ 0.063
0.787 £ 0.049
0.786 + 0.055
0.803 £+ 0.058
0.846 + 0.042
0.786 £ 0.044
0.776 = 0.044
0.804 + 0.066

0.860 £ 0.041
0.858 £+ 0.049
0.832 + 0.049
0.856 £ 0.034
0.850 £ 0.041
0.849 £+ 0.033
0.835 + 0.045
0.847 + 0.044
0.849 + 0.041
0.852 £ 0.038
0.831 £ 0.033
0.852 £ 0.035
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Table 4. Cont.

. p Metric
Dist. Dataset Classifier
F1 (1) Rec. (1) Prec. (1) ROC (1)

BR-KNN 0.753 + 0.047 0.744 + 0.057 0.855 + 0.038 0.860 + 0.037

callin ML-kNN 0.760 =+ 0.032 0.754 + 0.043 0.806 + 0.054 0.858 £ 0.049

LAML-KNN 0.751 4+ 0.043 0.751 £ 0.051 0.800 + 0.042 0.833 + 0.051

ML-localkNN 0.759 + 0.033 0.770 = 0.053 0.822 + 0.048 0.858 £+ 0.032

BR-KNN 0.736 + 0.038 0.729 + 0.042 0.833 + 0.063 0.850 4+ 0.041

Log callout ML-kNN 0.733 + 0.051 0.739 4 0.064 0.789 + 0.047 0.848 + 0.044

LAML-KNN 0.728 4+ 0.048 0.737 £ 0.068 0.786 + 0.055 0.834 + 0.044

ML-localkNN 0.735 + 0.042 0.751 = 0.053 0.802 + 0.054 0.848 + 0.046

BR-KNN 0.746 + 0.044 0.760 + 0.048 0.846 + 0.042 0.849 4+ 0.041

internet ML-KNN 0.746 4+ 0.044 0.760 £ 0.048 0.783 + 0.044 0.851 + 0.038

LAML-KNN 0.746 4+ 0.044 0.760 £ 0.048 0.775 + 0.042 0.833 + 0.024

ML-localkNN 0.727 + 0.038 0.766 + 0.050 0.803 + 0.057 0.850 + 0.036

BR-KNN 0.760 + 0.044 0.749 + 0.049 0.855 + 0.038 0.860 + 0.046

callin ML-kNN 0.754 4+ 0.037 0.754 4+ 0.055 0.810 = 0.047 0.860 £ 0.043

LAML-KkNN 0.753 £+ 0.041 0.754 4+ 0.054 0.792 + 0.046 0.836 + 0.042

ML-localkNN 0.762 + 0.044 0.784 + 0.064 0.825 + 0.043 0.861 + 0.039

BR-KNN 0.736 + 0.037 0.729 + 0.042 0.829 + 0.069 0.851 + 0.029

HasD callout ML-KNN 0.730 + 0.052 0.732 + 0.066 0.782 + 0.068 0.849 + 0.030

LAML-KNN 0.732 4+ 0.062 0.737 + 0.068 0.780 + 0.046 0.833 + 0.045

ML-localkNN 0.733 + 0.042 0.753 + 0.063 0.800 + 0.062 0.847 + 0.038

BR-KNN 0.746 + 0.044 0.760 4= 0.048 0.846 + 0.042 0.847 + 0.040

internet ML-kNN 0.746 4+ 0.044 0.760 £ 0.048 0.786 + 0.053 0.849 + 0.037

LAML-KNN 0.746 £+ 0.044 0.760 + 0.048 0.773 + 0.043 0.832 + 0.033

ML-localkNN 0.733 + 0.047 0.762 + 0.053 0.794 + 0.066 0.852 + 0.039

BR-kINN 0.772 £+ 0.054 0.764 + 0.058 0.873 + 0.043 0.872 + 0.045

callin ML-KNN 0.770 4+ 0.043 0.768 4= 0.050 0.812 + 0.035 0.870 &+ 0.031

LAML-KNN 0.769 £+ 0.038 0.760 4 0.047 0.804 + 0.052 0.846 + 0.046

ML-localkNN 0.761 + 0.042 0.797 + 0.039 0.821 + 0.053 0.870 =+ 0.037

BR-kKNN 0.756 + 0.046 0.751 + 0.067 0.844 + 0.055 0.866 + 0.030

CanD callout ML-KNN 0.747 £+ 0.049 0.751 4+ 0.067 0.801 &+ 0.052 0.862 £+ 0.031

LAML-KNN 0.747 £+ 0.066 0.751 4 0.067 0.781 + 0.054 0.838 + 0.026

ML-localkNN 0.749 + 0.054 0.753 + 0.060 0.820 + 0.062 0.863 + 0.037

BR-kNN 0.733 4+ 0.049 0.753 £ 0.041 0.843 + 0.042 0.846 + 0.030

internet ML-KNN 0.739 4+ 0.035 0.753 + 0.041 0.772 + 0.036 0.843 + 0.036

LAML-kNN 0.739 + 0.035 0.753 + 0.041 0.769 + 0.038 0.828 + 0.017

ML-localkNN 0.724 + 0.042 0.721 + 0.065 0.780 + 0.067 0.843 + 0.035

BR-KNN 0.764 + 0.038 0.754 + 0.047 0.863 + 0.037 0.864 + 0.043

callin ML-KNN 0.760 4 0.033 0.765 £ 0.041 0.797 + 0.043 0.860 £ 0.038

LAML-KNN 0.758 4+ 0.045 0.761 £ 0.049 0.795 + 0.047 0.840 + 0.056

ML-localkNN 0.765 + 0.037 0.787 + 0.048 0.807 + 0.033 0.864 4+ 0.042

BR-KNN 0.752 + 0.058 0.738 + 0.049 0.854 4+ 0.055 0.855 4+ 0.035

CID-Eucl callout ML-KNN 0.747 + 0.048 0.742 4+ 0.074 0.793 + 0.057 0.854 + 0.030

LAML-KNN 0.746 + 0.063 0.758 + 0.071 0.781 + 0.024 0.837 + 0.060

ML-localkNN 0.746 + 0.055 0.761 + 0.067 0.819 + 0.044 0.855 4+ 0.051

BR-kINN 0.744 4+ 0.038 0.758 4 0.048 0.839 + 0.048 0.851 £ 0.030

internet ML-KNN 0.744 4+ 0.038 0.758 4= 0.048 0.784 + 0.050 0.848 + 0.022

LAML-KNN 0.744 4+ 0.038 0.758 + 0.048 0.776 + 0.052 0.839 + 0.026

ML-localkNN 0.722 + 0.041 0.741 + 0.046 0.788 + 0.041 0.846 + 0.029

BR-KNN 0.755 + 0.047 0.749 4+ 0.054 0.865 + 0.046 0.866 + 0.041

callin ML-KNN 0.757 + 0.051 0.762 £ 0.059 0.800 & 0.058 0.864 £ 0.039

LAML-KNN 0.764 4+ 0.044 0.772 £ 0.051 0.802 &+ 0.056 0.844 + 0.051

ML-localkNN 0.754 + 0.063 0.773 = 0.055 0.819 + 0.047 0.869 + 0.033

BR-kNN 0.745 4 0.056 0.732 4+ 0.041 0.850 &+ 0.048 0.857 + 0.033

CID-Manh callout ML-KNN 0.745 + 0.052 0.746 4+ 0.074 0.795 + 0.057 0.853 + 0.029

LAML-KNN 0.744 4+ 0.062 0.750 £ 0.071 0.784 + 0.051 0.836 + 0.032

ML-localkNN 0.750 + 0.062 0.766 + 0.046 0.807 + 0.068 0.856 + 0.038

BR-kINN 0.745 4+ 0.035 0.760 £ 0.045 0.839 + 0.043 0.849 + 0.029

internet ML-KNN 0.745 + 0.035 0.760 + 0.045 0.789 + 0.048 0.843 + 0.027

LAML-KNN 0.745 + 0.035 0.760 £ 0.045 0.784 £ 0.041 0.840 £ 0.021

ML-localkNN 0.728 + 0.056 0.736 + 0.040 0.775 + 0.064 0.849 + 0.031
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. . g Metric
Dist. Dataset Classifier
F1(1) Rec. (1) Prec. (1) ROC (1)
BR-kNN 0.755 + 0.047 0.749 4+ 0.054 0.865 £ 0.046 0.866 £ 0.041
callin ML-KNN 0.756 4+ 0.053 0.761 4 0.060 0.800 4 0.054 0.864 + 0.039
LAML-kNN 0.760 &+ 0.047 0.770 4+ 0.052 0.805 + 0.060 0.844 4+ 0.051
ML-localkNN 0.755 4+ 0.062 0.774 + 0.055 0.815 + 0.051 0.870 £+ 0.032
BR-kNN 0.745 4 0.056 0.732 +0.041 0.850 4= 0.048 0.856 + 0.033
CID-Log callout ML-KNN 0.745 + 0.052 0.746 + 0.074 0.794 4+ 0.058 0.853 + 0.029
LAML-kNN 0.744 + 0.062 0.750 + 0.071 0.784 + 0.050 0.835 4+ 0.031
ML-localkNN 0.746 4 0.062 0.768 4 0.046 0.805 4 0.058 0.856 4+ 0.038
BR-KNN 0.745 4+ 0.035 0.760 4= 0.045 0.839 4+ 0.043 0.849 4+ 0.029
internet ML-kNN 0.745 + 0.035 0.760 + 0.045 0.789 + 0.036 0.843 + 0.027
LAML-KkNN 0.745 + 0.035 0.760 + 0.045 0.784 + 0.041 0.840 + 0.021
ML-localkNN 0.727 4+ 0.056 0.735 4+ 0.039 0.778 4+ 0.063 0.850 4 0.031
BR-kNN 0.753 4+ 0.048 0.748 4+ 0.054 0.867 + 0.046 0.866 £+ 0.041
callin ML-KNN 0.757 4+ 0.050 0.763 4 0.060 0.801 4 0.059 0.863 + 0.038
LAML-kNN 0.761 + 0.037 0.773 & 0.050 0.797 + 0.062 0.844 4+ 0.050
ML-localkNN 0.751 + 0.051 0.773 4+ 0.056 0.814 4+ 0.043 0.868 + 0.033
BR-kNN 0.745 4+ 0.056 0.732 +0.041 0.850 4 0.048 0.856 + 0.034
CID-HasD callout ML-KNN 0.749 £ 0.052 0.751 &+ 0.072 0.793 4+ 0.059 0.855 4+ 0.031
LAML-KkNN 0.736 + 0.039 0.749 + 0.073 0.790 + 0.044 0.839 4+ 0.029
ML-localkNN 0.748 4 0.052 0.776 4 0.046 0.804 4 0.058 0.851 4+ 0.038
BR-KNN 0.742 4+ 0.035 0.757 4+ 0.045 0.839 + 0.043 0.849 + 0.029
internet ML-KNN 0.742 + 0.035 0.757 + 0.045 0.784 + 0.043 0.842 + 0.020
LAML-KkNN 0.742 + 0.035 0.757 + 0.045 0.780 4 0.048 0.839 4 0.020
ML-localkNN 0.722 4+ 0.058 0.730 4+ 0.047 0.777 4+ 0.036 0.845 4+ 0.029
BR-kNN 0.764 4+ 0.041 0.754 4+ 0.038 0.864 £+ 0.046 0.872 4+ 0.040
callin ML-kKNN 0.762 4+ 0.043 0.758 4+ 0.032 0.808 & 0.042 0.870 + 0.037
LAML-kNN 0.740 + 0.047 0.735 + 0.034 0.784 + 0.055 0.848 4+ 0.049
ML-localkNN 0.763 4+ 0.036 0.770 4 0.049 0.808 4 0.060 0.870 4+ 0.036
BR-kKNN 0.759 4+ 0.046 0.751 4+ 0.053 0.859 4+ 0.046 0.868 £+ 0.031
CID-CanD callout ML-kNN 0.759 + 0.037 0.769 4+ 0.078 0.797 4+ 0.048 0.866 = 0.035
LAML-KkNN 0.762 + 0.048 0.763 + 0.045 0.798 + 0.043 0.840 + 0.041
ML-localkNN 0.771 4+ 0.051 0.774 4+ 0.051 0.819 4 0.031 0.866 £+ 0.036
BR-KNN 0.729 4+ 0.047 0.744 4+ 0.042 0.835 + 0.039 0.846 + 0.027
internet ML-KNN 0.732 & 0.047 0.744 4+ 0.042 0.788 + 0.043 0.844 + 0.014
LAML-KkNN 0.731 + 0.036 0.744 + 0.042 0.783 + 0.028 0.833 + 0.021
ML-localkNN 0.718 4+ 0.037 0.733 4+ 0.037 0.791 4 0.056 0.844 4+ 0.029
BR-kNN 0.744 4+ 0.032 0.733 4+ 0.059 0.848 4+ 0.051 0.863 £+ 0.040
callin ML-KNN 0.748 £+ 0.031 0.756 4+ 0.037 0.801 & 0.056 0.856 + 0.036
LAML-KkNN 0.744 + 0.038 0.753 + 0.037 0.796 4+ 0.058 0.828 4+ 0.045
ML-localkNN 0.747 + 0.046 0.766 4+ 0.037 0.823 4 0.032 0.859 4+ 0.030
BR-KNN 0.742 4+ 0.050 0.738 4+ 0.057 0.852 + 0.055 0.857 + 0.039
CID-DTW callout ML-kNN 0.741 + 0.040 0.748 4+ 0.048 0.785 4 0.046 0.855 + 0.030
LAML-KkNN 0.746 + 0.033 0.753 4+ 0.040 0.793 4+ 0.030 0.828 4+ 0.036
ML-localkNN 0.741 4+ 0.043 0.772 4+ 0.058 0.799 4+ 0.064 0.854 4+ 0.049
BR-KNN 0.727 4+ 0.030 0.746 4+ 0.037 0.824 4+ 0.057 0.853 + 0.025
internet ML-kNN 0.731 + 0.029 0.746 4+ 0.037 0.786 4+ 0.042 0.851 4+ 0.021
LAML-KkNN 0.731 + 0.029 0.746 + 0.037 0.768 + 0.042 0.840 + 0.023
ML-localkNN 0.729 4+ 0.037 0.742 4+ 0.060 0.784 4+ 0.038 0.848 4+ 0.029

The effects of complexity correction vary even when the same neighborhood size

is used within each comparison. For ML-kNN on callin, Euclidean and CID-Euclidean

distances yield mean F1 scores of 0.757 and 0.760, respectively, both with k = 5. On
internet, the corresponding means are 0.756 and 0.744, both with k = 1. The direction of
the difference therefore varies across channels for the same base—CID pair. Results for the

elastic distance refer specifically to CID-DTW10, which combines temporal warping and

complexity correction.
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5.3. Per-Label Performance

Supplementary Table S2 shows that the relative performance of the Canberra and
Euclidean distances varies across labels and channels. On callin, F1 for work rounds to 0.658
for both distances: Canberra has higher recall (0.591 versus 0.568) but lower precision (0.743
versus 0.781). Canberra has a lower F1 for high density (0.514 versus 0.571) but a higher F1
for low density (0.618 versus 0.576). F1 for work is also lower with Canberra on callout (0.571
versus 0.622) and internet (0.478 versus 0.560). Favorable aggregate and ranking scores
therefore do not imply a consistent advantage in detecting minority labels.

The recall for forest varies from 0.968 to 0.991 for all six configurations, while specificity
varies from 0.238 to 0.524. For callin, the Euclidean distance method is able to correctly
recognize 9 out of 21 non-forest cells, while the Canberra distance recognizes 11, resulting
in specificities of 0.429 and 0.524, respectively. The high sensitivity for the common class
thus exists in combination with the limited specificity for the negative class. This analysis
uses the retained F1 configurations and their pooled out-of-fold predictions.

5.4. Average Distance Ranks

Figure 3 illustrates the results of the above comparison through mean distance ranks.
The eleven distances are ranked individually for each evaluation metric for each classifier—
channel pair based on the mean fold scores presented in the tables, with tied values
receiving mean ranks. Each subfigure presents the mean ranks of distances for one classifier
over the three activity channels.

Radar charts depict favorable mean ranks for Canberra-family distances with variation
across classifiers. Overall, Canberra obtains the best mean rank in terms of accuracy and
F1, while CID-Canberra obtains the best mean rank in terms of ROC AUC, coverage,
ranking loss, and average precision. Other distances are also competitive for certain tasks:
Euclidean distance performs the best in terms of precision, and CID-Manhattan does so
in terms of recall. CID-DTW10 obtains poor rankings for accuracy and F1, especially in
combination with BR-kNN and ML-kNN, but its rankings differ depending on the metric
and classifier.

{(a) BR-kNN (b) ML-kNN

Acc Acc

Rec RL Rec
11 ) 9 q1
=% Prec Cov Prec
AvgP ROC AvgP

Figure 3. Cont.
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{c) LAML-kNN {d) ML-localkNN
Acc Acc

ROC AvgP ROC AvgP
Euclidean —e— Hassanat CID-Manhattan === CID-Canberra
Manhattan === Canberra +— CID-Logarithmic == CID-DTW10

Logarithmic === CID-Euclidean  —=— CID-Hassanat

Figure 3. Radar graphs for the mean distance ranks of the nine evaluation measures in Trento: (a) BR-
kNN; (b) ML-kNN; (¢) LAML-kNN; and (d) ML-localkNN. Ranks are averaged across incoming
calls, outgoing calls, and internet activity channels. The slightly bolder lines show the Euclidean
and Canberra distances and their corresponding CID variants; the other lines are slightly more
transparent. Rank 1 is the best rank.

5.5. Pairwise Profile Examples

Figure 4 provides a complementary illustration of the distance values for selected cell
pairs from the callin dataset. The distances provide different numerical values for the same
profile pairs, demonstrating the importance of proportional change, amplitude difference,
and complexity scaling. Since the distance families operate on different numerical scales,
the fact that one family has a larger range of values does not mean better classification of
the data.
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Figure 4. Pairwise distances of selected callin cell pairs in Trento: (a) a potential pair with similar land
use; (b) residential versus mixed residential-work land use; and (c) a candidate pair with dissimilar
land use. Each row consists of weekly activity profiles, the base and corrected CID distance values,
and satellite images. CF is the CID correction factor. Profile legends identify the cells and their labels:
H, home; W, work; F, forest; and HD, MD, and LD, high, medium, and low density, respectively.

5.6. Spatial Prediction Patterns

We conclude the results section with a qualitative spatial analysis of predictions
generated by ML-localkNN with Canberra distance, a combination that performs well
in the benchmark. Manually labeled reference classes in Figure 2 demonstrate a spatial
gradient, where the forest label predominates in peripheral areas, whereas high density
labels are concentrated in urban areas.

Figure 5 shows predictions per label for the 15-by-15 and 4-by-4 study subgrids.
Figure 6 displays the selected outputs on the full provincial grid.

The comparison between the reference labels (Figure 2) and the predictions (Figure 5)
shows overall agreement for certain labels and differences in transition zones. The maps
supplement the summary statistics by showing the locations and types of prediction
errors. The comparison on a per-label basis in Supplementary Table S2 uses the retained
F1 configurations and is analyzed separately from these qualitative map outputs. Neither
analysis alone explains the observed effects of distance choice.

The full-grid predictions in Figure 6 demonstrate how the chosen model translates
weekly activity into regional label patterns. This extends the spatial interpretation beyond
the annotated study region and highlights candidate areas for collecting additional refer-
ence labels. Since the reference labels are not available for the rest of the provincial grid
cells, spatial consistency alone does not validate the predictive power of the model in
these regions.
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High Density Areas Predictions for Trento (L5 by-15 + 4 by-4 Subgrid) Low Density Areas Predictions for Trento (15 by 15 = 4 by 4 Subgrid)

‘u@

()

Figure 5. Spatial predictions for the Trento study area using Canberra distance with ML-localkNN:
(a) home; (b) work; (c) forest; (d) high density; (e) medium density; and (f) low density. Red and
white shading indicate positive and negative predictions, respectively. Diagonal lines represent

prediction errors with color codes based on reference labels (red, positive; white, negative).

Work Areas Predictions for Trento (Complete Grid)

(b)

Combined Density Predictions for Trento (Complete Grid)

(d)

Figure 6. Predictions of the chosen Trento configuration over the entire provincial grid with Canberra
distance for ML-localkNN: (a) home; (b) work; (c) forest; and (d) density. Panel (d) shows red, light
red, and white for high, medium, and low density, respectively.
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6. Discussion

The benchmark shows that the relative performance of distance functions is influenced
by the choice of multilabel classifier, activity channel, and evaluation goal. This section
evaluates the interaction of similarity measures with these factors in the case of Trentino
and its relevance to future land use analysis.

6.1. Distance Choice Across Classifiers and Activity Channels

Canberra-family distances yield favorable ranking scores in several configurations,
including an average precision of 0.905 and a ranking loss of 0.125 for ML-localkNN on
incoming calls. Canberra weights each component difference relative to the magnitudes
being compared, giving proportional differences greater influence than Euclidean distance
does. This distinction is relevant to CDR-derived land-use signatures: Pei et al. combine
hourly relative activity patterns with total call volume, treating temporal patterns and
activity magnitude as complementary information [2]. Our results are consistent with a
useful role for proportional differences, but they do not establish which hours or land-
use labels account for the observed ranking scores. Comparing alternative normalization
methods and feature contributions would help assess this interpretation.

The reversal in the relative performance of the Canberra and Euclidean distances for
ML-kNN between incoming-call and internet activity (Section 5.2) also suggests that a
preferred distance may not transfer directly across channels. Selection of the classifier is
another important factor: Canberra outperforms the other distances on incoming calls for
BR-kNN, ML-kNN, and LAML-kNN, but CID-Euclidean achieves the highest mean F1
score for ML-localkNN. ML-kNN produces the label predictions based on the frequency of
labels in the chosen neighborhood [8], whereas local-k methods allow adapting the size of
the neighborhood to the surrounding training instances [25]. This explains the necessity
of investigating both the distance and neighborhood choice together. The differences
discussed above are related to the considered configurations; their attribution to a particular
internal mechanism requires investigation of the chosen neighbors and neighborhoods.

Finally, the goals of the evaluation may influence these comparisons. Favorable
ranking performance for Canberra with ML-localkNN on incoming calls coexists with the
high mean precision of Euclidean distance. The work of Bogatinovski et al. provides an
explanation of why multilabel comparisons should take into account not one but several
criteria of evaluation [15]. In land-use problems, ranking of possible labels and assignment
of binary label sets are different tasks.

6.2. Complexity Correction and the Elastic Comparison

CID was proposed by Batista et al. to handle distortions related to complexity in
time series distances, noting that the choice of invariances depends on the application
domain [12]. The effects of CID on performance in Trentino are mixed. For ML-kNN, CID-
Euclidean has a slightly better mean F1 score for incoming calls compared to Euclidean
distance, while having a worse mean score for internet traffic. The same k is considered
for each comparison. Thus, the rescaling of complexity can either improve or diminish the
relevance of the neighborhood depending on the channel. This could be due to the fact that
the variation in a weekly profile is determined not only by measurement effects but also by
functionally relevant activity.

CID-DTW10’s worse ranking compared to several pointwise measures also deserves
attention in this particular case. According to Bagnall et al., there is a distinction between
classification problems where the timing of a pattern is important and those where a pattern
can move [14]. They also emphasize the significance of choosing an appropriate window in
DTW-based comparisons. Our profiles have a common clock-time grid, and thus retaining
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the timing of peaks could account for the performance of pointwise measures. However,
CID-DTW10 combines constrained temporal warping with complexity correction, making it
impossible to isolate the contribution of either component from the present results. Further
experiments comparing standard DTW, CID-DTW, and different warping window sizes
would be necessary to determine whether the observed performance differences arise from
temporal alignment, complexity correction, or their interaction.

6.3. Regional Interpretation and Practical Use

The chosen labels reflect a combination of functional land use, built-up density, and
dominant natural cover. This label set makes it possible for the benchmark to reflect a
combination of settlements and forested areas. These types of labels need to be validated
in a different manner. As seen in Supplementary Table S2, recall is high for forest, but
specificity is poor. On the other hand, the minority labels work and high density have low
F1 values and do not demonstrate any clear benefit of using Canberra. Although the forest
label is present in 91.3% of the annotated cells, the evaluated configurations show limited
specificity, correctly identifying only 5 to 11 of the 21 non-forest examples. This highlights
the difficulty of distinguishing the minority negative class despite the high recall achieved
for forest.

In practice, these maps may be useful for evaluating the mixed land use predictions,
delineating transition zones for annotation, and guiding the collection of additional ref-
erence data. Spatial coherence alone does not prove the predictive validity of the model.
Karasiak et al. illustrate that the dependency between training and testing locations may
artificially increase the classification performance of the map, making geographically dis-
tant observations necessary for assessing the model’s transferability [38]. In this study,
predictions outside the annotated grid are considered exploratory, although they may
provide a general overview of spatial patterns across the province.

6.4. Scope and Priorities for Validation

The current work addresses comparisons within a single region using an identical
evaluation procedure. The entire dataset used in this study was scaled before the folds
were formed, providing a common input scale for all configurations being tested. Yet, the
estimation of such a scale using out-of-sample inputs might result in data leakage at the
preprocessing stage and hence lead to bias in cross-validation estimates. The impact of
such a preprocessing step on both absolute performance and distance estimates has not
been quantified, and thus, the current comparisons are still conditional. When deploying
the algorithm in practice, it is necessary to estimate scaling parameters using the training
data only.

Iterative stratification maintains label distribution but not spatial separation; general-
ization to new locations therefore requires further evaluation [37,38]. Spatial validation [39],
tuning, ablation analysis, and runtime analysis constitute complementary additions to
the benchmark.

Due to differences in tuning of the reference classifiers and the k-NN variants tuned
for each individual metric, care must be taken when interpreting comparisons between the
classifier families. Likewise, CID-DTW10 combines the use of a constant warping window
size with complexity correction. Comparisons with DTW and other warping window sizes
may help to understand the contribution of each factor to the performance observed in
this scenario.

The neighborhood configurations depend on the metrics and were chosen and eval-
uated in the same ten folds. Tables 3 and 4 can thus be understood as an empirical
upper-bound benchmark, possibly with selection bias, rather than the performance of a
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production model [48]. Because of the largely unchanged historical parameterization, the
reported configurations are not necessarily optimal. A production model would have to be
tuned and evaluated separately. Supplementary Table S1 contains the configuration used
for each table entry.

A replication of the experiment in other regions and times would allow us to check
whether the ranking of the distances is consistent when applied to different functional
mixes and rhythms of activity. Label-specific or learned distances are other possibilities for
further investigation, but their evaluation would still have to keep the separation between
preprocessing, selection, and evaluation.

7. Conclusions

In this research, eleven distances were compared across four multilabel k-NN classi-
fiers and three mobile network traffic channels in Trentino. The best-performing distance
depended on the classifier, channel, and criterion used. The family of Canberra distances
performed well in several scenarios, especially when ranking criteria were used on incom-
ing call traffic. Euclidean distance also demonstrated strong performance. Per-label analysis
revealed differences in the detection of work and high-density cells. The advantages of
CID were also mixed, and CID-DTW10 generally performed worse than several pointwise
alternatives, although these results do not isolate the effects of temporal warping from
complexity correction.

The framework serves as a basis for the exploratory analysis of regions that have
a combination of urban areas and forests. Prediction maps may support further model
analysis and labeling. However, predictions outside of the labeled grid will need to be
validated independently. For future research, some of the priorities include the estimation
of preprocessing parameters in training folds, the separation of parameter selection from
validation, geographical validation, and replication of the analysis in different regions and
observation periods. Independent land cover reference data would improve label-based
validation, while comparison with standard DTW and other window sizes could allow us
to distinguish warping and complexity correction effects.

Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390/app162111040/s1, Supplementary Table S1: configuration pa-
rameters for Tables 3 and 4. Supplementary Table S2: per-label performance of ML-localkNN.
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