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The Traveling Salesman Problem (TSP) seeks the shortest Hamiltonian cycle in a graph. Because it is NP-hard, solutions for
large instances must be approximated with heuristics whose performance varies by instance. We present a two-stage pipeline
predicting the best-performing heuristic and its optimality gap respectively from nine cheap structural features without running
any heuristic in advance. It is trained on 160 instances (Euclidean, Geo, and synthetically generated Explicit) across Nearest
Neighbor, Greedy, Christofides, and Insertion heuristics. Within the pipeline, Stage 1 utilizes Logistic Regression, Random For-
est, and XGBoost, while Stage 2 runs a gap regressor with Quantile Regression or Conformal Prediction intervals, with features
normalized to dimensionless ratios to maintain scale invariance. Among the results, Random Forest attains 80.00%± 5.08%
cross-validation accuracy with a mean regret of 0.028, a 66-fold reduction versus an always-Christofides baseline. Random
Forest with Quantile Regression further achieves a gap MAE (Mean Absolute Error) of 5.21pp with 90.63% coverage on a fixed
split, and performs best on 26 of 30 partitions in a repeated hold-out over thirty seeds, with MAE 29.52±26.01pp and log-space
R2 (0.800± 0.082). However, paired significance testing, corrected for overlapping resampled test sets, finds this advantage
directionally consistent but not statistically significant, where both conformal variants achieve coverage indistinguishable from
nominal, a limitation to concluding a single-best model. Among the tested features, triangle-inequality violation rate, violation
magnitude, and normalized minimum spanning tree (MST) weight are the most influential. Finally, justifying our research
premise of using features to predict the best heuristic, we find feature extraction plus inference to be 15.9× cheaper on average
than running all four heuristics, rising to 62.7× on the largest instances.

Keywords: Traveling Salesman Problem, heuristic selection, algorithm selection, optimality gap, random forest, XGBoost,
quantile regression, conformal prediction, combinatorial optimization, instance features.

Introduction

The Problem

The Traveling Salesman Problem (TSP) asks for the shortest
Hamiltonian cycle in a graph. Tracing back to the 1800s, the
initial roots of TSP can be attributed to Irish mathematician
Sir William Rowan Hamilton, who introduced the icosian cal-
culus1, seeking a closed cycle which visits each vertex of a
dodecahedron exactly once. This Hamiltonian circuit problem
was placed by Karp2 among the first twenty-one proven NP-
complete problems, and accordingly, there is also no known
polynomial-time optimal algorithm for TSP. Like other NP-
Complete problems, the number of candidate tours grows fac-
torially as the size of the problem increases. Hence, heuristics
are used to approximate solutions instead.

However, heuristics possess their own problems. First, it
is difficult to determine the optimality gap without access to
the true optimal solution: although some algorithms such as
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Christofides guarantee an approximation factor of 1.5 for met-
ric TSPs, most do not have such a definite interval. This is
important, because the optimality gap prediction is a main
factor behind assessing a heuristic-generated tour. Second,
no single heuristic is uniformly best: empirical findings from
the algorithm-selection literature3 demonstrate the idea of
performance complementarity, where the no-free-lunch the-
orems formally state that no search algorithm dominates an-
other when averaged over all objective functions4; hence, the
most suitable one is dependent on various features of the prob-
lem, such as problem type and size to name a few. Third,
the runtimes of heuristics can still become significant, ranging
from at least O(n2) for Nearest Neighbor and Greedy to O(n3)
for Christofides and Insertion. Therefore, despite their faster
speed compared to a brute-force optimal solver, selecting the
best heuristic under a short time budget is still highly relevant.

Current Landscape

The algorithm selection problem was formally defined by
Rice5, whose model maps a problem space through a feature
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space onto an algorithm space followed by algorithm selec-
tion based on maximising a performance measure. This is
the precise framework of our paper. It has since been ap-
plied across combinatorial domains: SATzilla6 used empiri-
cal hardness models over instance features to choose among
constituent SAT solvers, winning three gold, one silver, and
one bronze medal at the 2007 SAT Competition. Smith-Miles
and Muñoz7 project instances into a two-dimensional space
to identify regions of solver strength and weakness; Kot-
thoff8 surveys the methods used, and so on. Closer to the
present work, Mersmann et al.9 built features from minimum
spanning trees, nearest-neighbor distances, and convex hulls
to separate Euclidean instances that 2-opt approximates well
from those it does not, and Hutter et al.10 predicted solver
runtime on SAT, mixed-integer programming (MIP), and TSP
benchmarks through regression over instance features. Both
predict performance from features, as we do. However, our
framework proposed differs in two respects. First, it restricts
itself to features computable in O(n2) or better (using sam-
pling in certain cases to reduce runtime) and directly demon-
strates they are cheap relative to the heuristics they replace,
whereas prior feature sets were not constrained by extraction
cost. Second, its predictions are presented within a calibrated
prediction interval rather than as a point estimate alone, so
that a practitioner receives an uncertainty alongside the rec-
ommended heuristic.

Project Overview

In this project, we explore to what extent it is possible to
use simple, cost-effective computable features of a Travel-
ing Salesman Problem instance to predict the optimal heuris-
tic for a given problem and to predict the optimality gap,
comparing three heuristic selectors and four end-to-end pre-
diction pipelines. By TSP features, we refer to the num-
ber of cities, edge weights, minimum spanning tree weight,
etc.; a total of nine features in this investigation. This mat-
ters because TSP optimization is used in delivery and logis-
tics (e.g. Amazon, FedEx), ride-hailing and fleet dispatch-
ing, and printed-circuit-board drilling, applications that re-
quire quick routing decisions, whereas exact solvers such as
Concorde and CPLEX can take hours or days on large in-
stances: Hoos and Stützle measured a median Concorde run-
ning time of 344,131 seconds — nearly four days — on uni-
form random Euclidean instances of 4500 cities, and only 65
of the 100 such instances were solved at all11. Throughout
this paper, “best” or “optimal” heuristic refers only to the best-
performing heuristic among the four tour-construction heuris-
tics evaluated here (Nearest Neighbor, Greedy, Christofides,
and Cheapest Insertion); modern local-search and metaheuris-
tic methods (Lin–Kernighan–Helsgaun, 2-opt, 3-opt, Guided
Local Search, Simulated Annealing, Genetic Algorithms, Ant

Colony Optimization) fall outside this pool and are not com-
pared against. Abbreviations used throughout are expanded at
first use and collected in Table S1 of the supplementary mate-
rial.

Methods

Different Heuristics

Tour-construction heuristics generate solution tours and tour-
improvement heuristics refine them. Within the scope of this
paper, we only focus on four tour-construction heuristics as
summarized in Table 1. Rosenkrantz et al.12 establish a bound
for two of them on metric instances, where nearest and cheap-
est insertion never exceed twice the optimum and Nearest
Neighbor can exceed it by a factor growing as 1

2 (⌈log2 n⌉+1).
The metric condition for this bound is also what motivates us
to measure violations of the triangle inequality among the fea-
tures below.

Obtaining Problems

We obtained the majority of TSP instances from TSPLIB16 at
the mastqe/tsplib GitHub mirror, a collection of travel-
ing salesman problem datasets maintained by Gerhard Reinelt.
It contains mostly symmetric Euclidean 2D problems, with
the original collection comprising 79 Euclidean 2D instances
(distances derived from coordinates), 16 Explicit instances
(distances provided in a complete matrix), and 10 Geo in-
stances (distances account for the Earth’s curvature), 105 in
total.

As observable, this dataset is mostly dominated by
Euclidean 2D instances, a skew which risks biasing the
learning model toward heuristics that perform well on metric,
geometric inputs, most notably Christofides’ algorithm. To
mitigate this bias and increase structural diversity, we gener-
ated 55 additional Explicit TSP instances which need not ad-
here to the triangle inequality. Although we acknowledge that
these instances may not reflect real-world distributions, they
serve to take the model beyond a biased, “Christofides-only”
baseline, and expand the scope to include triangle inequality
features, which aligns with the paper’s investigative purpose
that aims to explore the relationship between different features
and trends across instance types. The final result is a dataset
of 79 Euclidean 2D instances, 71 Explicit instances, and 10
Geo instances, comprising a total of 160 problems.

The generated Explicit instances span three categories:
Random instances that have symmetric distance matrices, in-
dependently sampled edge weights, and variable edge costs,
serving as a baseline; Clustered instances, where vertices are
partitioned into clusters with low-cost edges within them and
high-cost edges connecting them, which prevents reliance on
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Table 1 Tour-construction heuristics considered in this paper.

Heuristic Description Runtime

Nearest Neighbor Starts at a city and repeatedly moves to the closest unvisited neighbor. Av-
erages roughly 25% above the Held–Karp bound on random uniform in-
stances13.

O(n2)

Greedy Sorts all O(n2) edges globally and greedily adds the shortest edge that does
not create a sub-cycle or exceed degree two at any city.

O(n2 logn)

Christofides Builds an MST (minimum spanning tree), adds minimum-weight perfect
matching on odd-degree vertices, then shortcuts an Eulerian circuit. Guar-
antees a tour within 1.5× optimal for metric instances14; the factor was later
reduced to 1.5− ε for a small ε > 015.

O(n3)

Insertion (Cheapest) Initializes a small subtour and repeatedly inserts the unvisited city at the po-
sition minimizing the increase in tour length.

O(n3)

Euclidean geometry; and Christofides-hard instances, where
the MST is misguided with low-cost edges to form an incor-
rect structural backbone. All instances are generated offline
using deterministic procedures, enforced to be symmetric with
zero diagonal entries, and exported in TSPLIB Explicit for-
mat.

Implementation of Heuristics

The four tour-construction heuristics of Table 1, including
Nearest Neighbor (NN), Greedy, Insertion, and Christofides
(CH), are implemented in Python, with the runtime of each on
each instance recorded. Within 640 rows of the dataset, we ex-
cluded 23 entries due to them possessing a higher runtime than
600,000 ms, our hard runtime limit. However, seven of those
still record a finished tour, so the Stage 2 gap table retains 624
rows rather than 617.

Features & Dataframe

We computed and recorded nine distinct, cheap properties for
each of the 160 TSP instances, which serve as input parame-
ters for the heuristic selection model (summarized in Table 2).
Features that require long runtimes are estimated with Monte
Carlo sampling to maintain feature cheapness.

Since there are varying units across instances, and
rescaling the edge weights of a TSP instance by a positive
constant k does not change the optimal heuristic nor the
percentage optimality gap of any tour, we expressed the
numeric features as dimensionless ratios. Specifically,
min edge weight and avg violation magnitude
are each divided by the instance’s mean edge weight;
mst weight is normalized by n × mean edge weight;
and cv edge weight, edge weight skewness,
triangle violation rate, and pct short edges
are dimensionless by construction. Through this process,
we also realized the redundancy of a candidate feature,

std edge weight, since dividing it by the mean edge
weight yields nothing but cv edge weight; we therefore
dropped the former as a methodological improvement. To
verify that the rescaled results are truly invariant, refer to the
Results below. Ultimately, the feature set used throughout the
rest of this paper is the nine features of Table 2: eight numeric
features plus type.

For the Optimality Gap prediction model, we add an ad-
ditional feature of heuristic during training, totaling ten
features instead of nine. Hence, after one-hot encoding of
heuristic and type, the actual number of feature labels
is 11 for the heuristic selector model and 15 for the optimality
gap model.

Throughout the investigation, all generalizations should be
restricted to these features.

Heuristic Selector Model

An optimal heuristic is assigned to each instance based on
a runtime constraint, which equals 600,000 ms; a heuristic
is considered acceptable in case of meeting the runtime con-
straint; thus, runtime is taken into account while choosing a
heuristic. Hence, the feasible best cost is:

Cfeasible = min
h∈H

runtime(h)≤600,000

C(h),

where H stands for the set of acceptable heuristics.
Split of 80/20 into training and testing sets has been done;

it has been done by splitting instances instead of splitting rows
to avoid leaking of information between train and test sets.

Class weighting has not been used since, for the majority of
Euclidean 2D instances, Christofides is better than the oth-
ers, while Nearest Neighbor has only 8 positive samples, and,
hence, artificially up-weighting the minority classes would de-
crease the performance of the model.
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Table 2 Engineered TSP features, their roles, and time complexity. Here S = 200,000 denotes the number of Monte Carlo–sampled node triples
used to estimate the two triangle-inequality features.

Feature Description Complexity

type Underlying distance model (Euclidean 2D, Geo, or Explicit); primarily differ-
entiates metricity, i.e. if symmetry and the triangle inequality are expected to
hold. The only categorical feature.

O(1)

n The number of cities; affects both the feasibility and runtime of heuristics. O(1)

min edge weight The smallest non-zero edge weight, normalized by the instance’s mean edge
weight; identifies closely connected node pairs, favoring local heuristics such
as Greedy and Nearest Neighbor.

O(n2)

cv edge weight The coefficient of variation (standard deviation over mean); scale-free disper-
sion, comparable across instances.

O(n2)

edge weight skewness Asymmetry of the edge-weight distribution; a positive value indicates many
short edges with a few very long ones, hence potentially damaging to greedy
heuristics.

O(n2)

pct short edges The fraction of edges at or below the within-instance 10th percentile of edge
weight, 1

|E| |{e ∈ E : w(e)≤ Q0.10(w)}|. Because the threshold is a within-
instance percentile, this is pinned near 0.10 by construction and varies only
through ties.

O(n2 logn)

triangle violation rate The fraction of sampled node triples failing the triangle inequality; quantifies
deviation from metric structure, which degrades Christofides. Monte Carlo
estimate from 200,000 triples.

O(S)

avg violation magnitude The average severity of triangle-inequality violations, divided by the instance’s
mean edge weight; larger values indicate stronger non-metric behavior.

O(S)

mst weight Minimum spanning tree weight, normalized over n × mean edge weight; a
lower-bound proxy for tour length, directly relevant to Christofides.

O(n2)

As for models, there were three models considered at
Stage 1. First of all, there was Logistic Regression with
L2 regularization (C = 1.0), using the L-BFGS solver as
a baseline model; second, there was a Random Forest17

that has 400 trees, there is no maximum depth, as well as
minimal number of samples per leaf is equal to 2. The
third model is XGBoost18, which is a gradient-boosting with
multi:softprob objective, 100 boosting rounds, maxi-
mum depth 3, learning rate η = 0.05, 80% subsample of in-
stances and features for each tree, L2 regularization (λ = 1.0).
The LabelEncoder has been fitted on all class labels before
running the cross-validation loop to minimize risks of class in-
dexing mismatch in the pipeline.

All of the three models were assessed using a
stratified 5-fold cross-validation (shuffle=True,
random state=1) with keeping distribution of classes
in each fold (Christofides 46.9%, Insertion 28.8%, Greedy
19.4%, Nearest Neighbor 5.0%). Numerical features have
been standardized, and type of instance has been one-hot
encoded in a Pipeline to prevent leakage between folds.
Afterward, each of the models was fitted on the whole set of
data to determine influence of features. This way, a per-class
coefficient matrix is received for the logistic regression model,
and Gini-impurity importance and permutation importance

(performed over 30 repeats) for the two other models. Perfor-
mance of models is assessed using exact heuristic matching
ratio, mean and median regrets, and catastrophic failure rate
(regret > 1).

Optimality Gap Model

Definition of Optimality Gap

The optimality gap is defined as the relative deviation of a
heuristic solution from the true optimal tour length:

cost−optimal cost
optimal cost

×100%.

Predicting the optimality gap approximates the expected
performance of a heuristic given a fixed instance without run-
ning it, precisely our research aim. It also adds nuance where
several heuristics have similar costs: heuristic selection alone
could rank one heuristic as the best and the other as a failure
despite a marginal difference in their actual results, whereas
a predicted gap would illustrate the degree of difference be-
tween different heuristic results.
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Processing Data
We used the Concorde TSP Solver19 to compute optimal tours
for most instances in the main dataset. For instances that
Concorde cannot resolve within a reasonable time budget,
the LKH implementation of the Lin–Kernighan heuristic20 is
used. Noting the heavily right-skewed gap distribution in the
data (ranging from near 0% to over 5000% for Christofides’
application on certain Explicit instances), we applied a log
transformation

ylog = log(1+g)

to stabilize the variance and therefore improve model fit.
We train the gap predictor on the previous nine instance fea-

tures but with the addition of a categorical indicator for the
heuristic (Nearest Neighbor, Greedy, Insertion, Christofides),
since the optimality gap model has access to predicted best
heuristics from the heuristic selector, unlike the heuristic se-
lector itself. To prevent data leakage, a fixed 80/20 train–test
split and random seed is shared across both stages.

There is one mathematical consideration. Because ex is
convex, back-transforming log-scale predictions via ˆ︁g= eˆ︁y−1
underestimates the true conditional mean by Jensen’s inequal-
ity. Due to this and the approximate symmetry of log(1+g),
we interpret the back-transformed prediction as an estimate of
the conditional median gap.

Model
The optimality gap prediction pipeline contains two sequential
stages, both trained on a shared 80/20 file-based split of the
160 instances, as set out in Figure 1. In Stage 1 a heuristic
selector classifier is trained on the 128 training instances; at
inference the heuristic label it selects is passed to Stage 2 as a
tenth feature. Stage 1’s prediction errors therefore propagate
into Stage 2, which is intended: the two stages are deployed
together, and the error-propagation analysis below quantifies
the effect.

Quantile Regression directly models the conditional quan-
tiles of the response distribution; for the Random Forest back-
bone we use quantile regression forests21, which uses training
responses in each leaf to estimate the full conditional distri-
bution. Three regressors are trained at q = 0.05,0.50,0.95,
giving a lower bound, point estimate, and upper bound, so in-
terval length adapts to instance difficulty; there is, however,
no coverage guarantee, since empirical coverage depends on
the training distribution representing the test distribution.

We therefore also employed Split Conformal Prediction22,
whose split-sample form guarantees marginal coverage of at
least 1−α in finite samples under exchangeability of calibra-
tion and test data alone, with no assumption on the data dis-
tribution or the fitted regressor23, at the cost of intervals that
are symmetric in log space and uniform across instances rather
than adaptive.

One important methodological consideration is the row cal-
ibration of instances. Because each TSP instance contributes
four rows to the Stage 2 table, a row-level calibration split can
place one heuristic row of an instance in the regressor’s train-
ing set and another row of the same instance in calibration,
even though the two are not exchangeable. We therefore cal-
ibrate at the level of whole instances through a grouped shuf-
fle split keyed on the instance identifier: of the 128 training
instances, 102 fit the gap regressor and 26 are held out for
calibration. The effective independent sample size for Stage
2 is accordingly at most 128 instances instead of the several
hundred rows in the raw dataset.

To evaluate performance, we use integrated MAE (Mean
Absolute Error), log-space R2 (coefficient of determination),
empirical coverage, and interval width on the 32 held-out test
instances.

Evaluation Protocol

We report two evaluation protocols, A and B. Protocol A
cross-validates each Stage 1 selector over the full dataset
with no held-out test set; since cross-validation uses every
instance for both fitting and evaluation, the second stage is
left with no data. We therefore introduce Protocol B, a
single train/test instance split (with 30-seed repeated hold-
out) that evaluates the complete two-stage pipeline and is
the protocol behind every integrated pipeline result. Fig-
ure 1 shows the data flow for both, with all values verified
(experiments/pipeline provenance.py).

Two supplementary CSVs accom-
pany this paper for verification:
supplementary stage1 oof predictions.csv
(all 160 out-of-fold Stage 1 predictions) and
supplementary stage2 predictions.csv (all
32 Protocol B test instances across the four pipelines).

Results

Heuristic Selector

This subsection presents the Protocol A results, i.e. the
model’s Stage 1 performance. We have incorporated stratified
5-fold cross-validation over all 160 instances with aggregated
out-of-fold predictions. Before analysing the results, we first
establish two performance baselines.

The first baseline, the Single Best Solver, always selects
Christofides, since it is the most frequently optimal heuristic
across the 160 instances (75 instances, 46.88%). Accordingly,
this baseline yields an accuracy of 46.88%.

The second baseline, the Type-Based Rule, adopts a
more flexible assigning rule of choosing Christofides for
Euclidean 2D and Geo instances, and Insertion for
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Figure. 1 Data flow for the two evaluation protocols used in this paper: Protocol A (top) and Protocol B (bottom).

Explicit instances. This rule achieves an elevated 68.13%
accuracy.

It is clear that any useful model must exceed these baselines,
and in accuracy they do, according to Table 3. We discuss each
model individually in the remainder of this section.

Logistic Regression

Across the stratified 5-fold cross-validation, logistic regres-
sion achieves accuracy in the region of 80.00%±7.02%. This
beats the Type-Based rule baseline, although its lower bound
is barely above the same. Although an improvement, the lim-
itations of the model render it as more of an improved base-
line than an acceptable model. An example to illustrate this
is the model’s predictions for the instance brg180, where
the model predicts Greedy (cost 37,830) rather than Inser-
tion (cost 2,420), producing a regret of 14.63. Analyzing the
instance reveals that this is due to a moderately low trian-
gle violation rate of 0.166 contrasted with a large normalized
violation magnitude of 0.916, meaning the average triangle-
inequality violation is nearly as large as an entire typical edge,
which causes the boundary to misclassify. Such misclassifi-
cations are common for this model, as expected of a linear
boundary’s performance in a classification model that is not
trivially linear.

According to the mean absolute standardized coef-
ficient across classes, logistic regression’s most in-
fluential features are cv edge weight (0.678),
avg violation magnitude (0.595), and n (0.541).
We omit a separate figure for this weaker baseline in this

paper as part of the supplementary material, as the model is
treated as a baseline and possess no extension in Stage 2,
thereby holding less relevance for our results.

Random Forest

Across the 160 instances, the Random Forest classifier at-
tains a cross-validation (CV) accuracy of 80.00% ± 5.08%
(via stratified 5-fold cross-validation), and a train accuracy
of 92.34%. This CV figure exceeds the type-based rule by
approximately 12 percentage points, which confirms that in-
stance features can make a difference in guiding heuristic se-
lection.

Per-class performance from the aggregated out-of-fold pre-
dictions can be found in Table S2 of the supplementary mate-
rial. Bearing in mind Christofides’ dominance in label distri-
bution (optimal for 75 of 160 instances), it is recovered reli-
ably (precision 0.81, recall 0.91, F1 0.86), as is Insertion (46
instances; F1 0.83). However, Greedy (31 instances) is recov-
ered less often (recall 0.65, F1 0.70), and Nearest Neighbor
(8 instances) is effectively unlearnable due to its sample size,
with precision, recall, and F1 of exactly 0.00 on this class (as
is the case for the other two selectors). The full confusion
matrix is given as Table S3 of the supplementary material.

Analysing the feature weights, Gini importance ranks the
two triangle-inequality features highest (Table 4). Together
these measure how severely the triangle inequality is violated,
which directly affects the validity of Christofides’ approxi-
mation guarantee (factor 1.5 of optimal). We interpret the
strong contribution of mst weight as reflecting the rela-
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Table 3 Heuristic selector comparison under stratified 5-fold cross-validation over all 160 instances. CV accuracy is reported as mean ±
standard deviation across folds; Train Acc. is the mean training-fold accuracy across the five folds. Mean regret and catastrophic rate are
computed over the instances carrying a defined regret (160 for Logistic Regression, 159 for Random Forest and XGBoost, 152 for the two fixed
rules, whose assigned heuristic is not always feasible).

Model CV Accuracy Train Acc. Mean Regret Catastrophic

Single Best Solver 46.88% — 1.849 23.68%
Type-based rule 68.13% — 0.074 0.66%
Logistic Regression 80.00% ± 7.02% 83.91% 0.119 1.25%
Random Forest 80.00% ± 5.08% 92.34% 0.028 0.63%
XGBoost 79.38% ± 6.12% 97.34% 0.029 0.63%

tion between MST and greedy algorithms, where cheap span-
ning trees tend to be well-structured for greedy construction,
as well as Christofides’ application of MST in its algorithm.
These results do not deviate from our theoretical expecta-
tions. Permutation importance, however, places n first, which
is justifiable considering that problem size governs the cost
efficiency of heavy-weight heuristics, an important factor in
heuristic selection; the reason the two rankings disagree is it-
self informative, and we return to it below.

Finally, when the model fails to predict the best heuris-
tic it still often predicts a moderately good option. In-
deed, the mean regret averaged over all scored instances is
0.0281 (considering the correct instance predictions contribut-
ing 0) and 0.144 if restricted to only the 31 misclassified in-
stances. This is modest next to the 1.849 mean regret of
always guessing Christofides in the first baseline. Further-
more, the regret value is also pulled up by rare outliers, as
the catastrophic failure rate of 0.63% indicates. For example,
christofides hard n50 s0 alone produces a regret of
3.168. Therefore, the actual regret for many incorrect instance
predictions is even lower. We also note that regret is unde-
fined if the predicted label does not record feasible heuristic
costs, hence regret is not always calculated over all 160 in-
stances: the denominator is 159 for both Random Forest and
XGBoost, giving exact-match rates of 128/159 = 80.50% and
127/159 = 79.87%, and the full 160 for Logistic Regression,
giving 128/160 = 80.00%.

Looking at the four costliest selections (excluding the
costliest outlier above), they carry regret between 0.082 and
0.149, which is close to the 0.144 conditional mean. The most
common error is when Christofides is predicted in the place of
Greedy, happening nine times, although the gap between the
two optimalities is marginal, corroborating our claim. Over-
all, most misclassifications occur between heuristics of com-
parable costs, making most selections still useful. Refer to
Table S4 of the supplementary material for more detailed data
about the classified instances, their predicted heuristic, true
best heuristic, and regret.

XGBoost

XGBoost classifier configuration includes a maximum tree
depth of 3 and 100 boosting rounds; in contrast, Random For-
est utilizes the unoptimized default settings of 400 trees and
no maximum depth. Taking the above-described difference
into account, we conducted hyperparameter sensitivity analy-
sis, where both of the described classifiers swept the grid of
values for depth and number of rounds/trees (Tables S7, S8).
The difference in sensitivity of the models is noticeable: while
the accuracy of XGBoost varies by 5.01 percentage points
(75.62% to 80.63%), Random Forest is in the range of 1.25
percentage points (78.75% to 80.00%).

Despite the above-mentioned sensitivity, the optimized con-
figuration of XGBoost is valuable: only one of twenty grid
cells exceeds its performance with 1.25 percentage points,
which is small relative to the standard deviation of this grid
(4.5–6%). Thus, even with a need for tuning, the comprehen-
sive search is unlikely to discover significantly superior con-
figuration compared with the optimized configuration discov-
ered manually.

For the tuned model, the cross-validation accuracy is
79.38%± 6.12%, the training accuracy is 97.34%, resulting
in train–CV gap of 18 percentage points. Distribution of
per-fold accuracy is [0.9062,0.7812,0.7188,0.7812,0.7812].
From the instances with defined regret of 159 instances, the
exact match rate is 127/159 = 0.7987. The mean regret is
0.0290, catastrophic failure rate is 0.63%, similar to Random
Forest.

The XGBoost Gini feature importance (Table 4) is sim-
ilar to Random Forest feature importance. The viola-
tion of triangle inequality (triangle violation rate,
0.215) is leading and more weighted than in Random For-
est. At the same time, XGBoost differs from Random For-
est in its second most important feature with weight 0.165
assigned to the feature called type Explicit, before
avg violation magnitude (weight 0.158).

We identified the high priority of type Explicit as a
possible risk. The classifier might depend on an arbitrary gen-
erator label rather than numeric properties of the instance in
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order to classify the instance. In order to examine this is-
sue, we conducted an ablation, which revealed that remov-
ing the type feature does not affect cross-validation accu-
racy in two decimal points (79.38% for XGBoost and 80.00%
for Random Forest, with difference of 0.00 points). This
result indicates that the classifier is not dependent on “Ex-
plicit” label. Moreover, some of remaining numeric fea-
tures correlate with provenance, similarly to the “Explicit”
label. Using depth-2 decision tree one can recognize the in-
stance as Explicit based on either cv edge weight (ac-
curacy 81.9%), min edge weight (accuracy 85.0%) or
avg violation magnitude (accuracy 94.4%) (Table S6
in the supplementary material), compared to baseline of
55.6%. This is an interesting insight, as it reveals how nu-
meric features can be used instead of “Explicit” label within
the model. Most importantly, as the numeric features replace
“Explicit” label, the above-described issue is mitigated. Fea-
ture, which correlates with provenance due to geometric rea-
sons, is not a shortcut in the same way as the label. For ex-
ample, the triangle violation rate that leads to discouragement
of Christofides’ algorithm is desirable. We check this issue
for generalization of a family of problems being absent from
training in the Validation and Robustness, below.

Overall, the optimized XGBoost classifier is competitive
to the Random Forest. It has slightly smaller mean cross-
validation accuracy (79.38% against 80.00%). The classi-
fier also has larger fold-to-fold variability (±6.12% against
±5.08%). In addition, Random Forest has less hyperparam-
eter sensitivity and is less prone to overfitting. Its train-CV
gap is about 12 points, while XGBoost is 18 points. Taken all
together, this suggests using the Random Forest as a prefer-
able choice comparatively. However, the difference is not sta-
tistically significant. Both models are good choices, as they
significantly outperform the baselines.

Feature Diagnostics and Collinearity

Since correlation between features may influence the re-
sulting weight of the variables and the importance ranking
values in the model itself, we carried out corresponding
diagnostics for the models in the study. In Table 4, the
importance values of features for each model (Random Forest
is denoted by RF and XGBoost is abbreviated to XGB in
tables below) are presented. Three pairs of features have val-
ues |r| > 0.7, namely triangle violation rate
and avg violation magnitude (0.914),
cv edge weight and triangle violation rate
(0.846), and min edge weight and mst weight (0.780).
Consequently, three variance inflation factors (VIF) in Table 4
are considerably higher than the commonly accepted severity
threshold of 5-10. Hence, our interpretation of the features
should be adjusted according to this situation. As the correla-
tion of the two triangle-inequality features equals r = 0.914,

these two features are one and the same signal, which indi-
cates the Gini importance measure cannot accurately assign
relative feature weights as it would be arbitrary, indeed this
problem has been noted by Strobl et al.24. Then the interpre-
tation of features from the pair in Random Forest becomes
not that one feature is more important than the other but rather
these two are jointly contributing to 0.36 of Gini importance.
In turn, the permutation importance ranking of Random Forest
features makes n a most influential feature, which could have
happened due to the opposite phenomenon: n feature has
very weak correlation with all other features (r < 0.319) and
although the feature extraction by the model from one feature
among the correlated pair is possible, n remains uniquely
influential feature. However, we should note that XGBoost
permutation importance measures confirm the ranking of Gini
importance and make triangle violation rate the
most important feature but assigns the credit exclusively to the
former and neglects the other correlated feature (0.200 versus
0.003) while Gini importance makes more even distribution
of credit between these two, namely 0.215 and 0.158. It
means that the situation of collinearity happens independently
of the chosen importance measure and model as in this case it
is just arbitrarily assigned to the one of the features the whole
credit. The correlation matrix is provided in Table S5 of the
Supplementary Materials.

Optimality Gap Models

This subsection reports Protocol B results, since evaluating
a two-stage pipeline requires test instances untouched by ei-
ther stage. Because a single partition would both compare the
pipelines and select the winner, we repeat the entire procedure
over thirty independent seeds, each drawing a fresh instance-
level 80/20 split and fresh model random states for 120 com-
plete pipeline fits in total; the figures reported below are aver-
ages across these thirty seeds (Table 5). Where instance-level
detail is needed, such as naming which instances a model mis-
classifies, we draw on the Seed-1 partition as a reference, since
an average over thirty different test sets has no individual in-
stances to point to. Additionally, we use “Heuristic” as an ad-
ditional feature in Protocol B, where the models will factor in
the predicted heuristic from Stage 1 predicting the optimality
gap in Stage 2, as expected of a complete pipeline.

Integrated Pipeline Results

Across the thirty seeds the Stage 1 classifier feeding Stage 2
averages 79.37%± 6.70% accuracy with the Random Forest
backbone and 77.71%±8.15% with XGBoost. Note that this
is a different measurement from the 80.00%± 5.08% (Ran-
dom Forest) and 79.38%±6.12% (XGBoost) obtained under
Protocol A over all 160 instances, an unrelated evaluation pro-
cedure discussed in Methods. As reference, on the Seed-1 par-
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Table 4 Feature importance across every Seed 1 model with variance inflation factors. Rows are ordered by Random Forest Gini importance.
VIF above 5–10 indicates severe multicollinearity. The categorical type indicators are omitted, as VIF is defined for the numeric features
only; the full pairwise correlation matrix is supplementary Table S5.

Feature RF XGB RF XGB VIF
Gini Gini perm. perm.

avg violation magnitude 0.185 0.158 0.024 0.003 36.23
triangle violation rate 0.175 0.215 0.025 0.200 84.12
min edge weight 0.114 0.068 0.039 0.051 3.56
cv edge weight 0.105 0.093 0.035 0.066 25.20
n 0.101 0.085 0.090 0.127 1.57
mst weight 0.087 0.058 0.026 0.020 5.66
pct short edges 0.083 0.056 0.043 0.041 3.64
edge weight skewness 0.065 0.066 0.029 0.052 4.17

Table 5 Stage 2 pipeline comparison on the single Seed-1 reference partition against repeated hold-out validation over 30 independent seeds
(mean ± standard deviation). Median interval widths across 30 seeds are 14.26±3.79, 18.83±4.26, 13.90±2.58 and 21.54±7.52pp.

MAE (pp) R2(log) Coverage

Pipeline Seed 1 30 seeds Seed 1 30 seeds Seed 1 30 seeds

RF + Quantile 5.21 29.52±26.01 0.9204 0.800±0.082 90.63% 82.17%±6.15%
RF + Conformal 16.43 36.22±23.25 0.7948 0.749±0.068 75.00% 86.34%±5.59%
XGB + Quantile 17.95 33.68±24.97 0.8580 0.768±0.082 65.63% 68.88%±9.30%
XGB + Conformal 47.73 39.16±24.58 −0.0522 0.664±0.240 78.13% 89.65%±6.63%

tition, the Random Forest backbone reaches an above-average
87.50% (28/32); its four misclassifications are all Greedy in-
stances predicted as Christofides: gr21, eil76, fri26, and
si535. However, all four carry low regret (0.017–0.056),
hence remain reasonable selections.

Random Forest + Quantile (abbreviated RF + Quantile
in Tables 5 and 7, with XGB for XGBoost likewise) is the
strongest of the four: it averages an MAE of 29.52±26.01pp
and a log-space R2 of 0.800 ± 0.082, achieving the lowest
MAE of any pipeline on 26 of the 30 seeds. However, its
mean coverage of 82.17%± 6.15% falls somewhat short of
the nominal 90%, and its median interval of 14.26± 3.79pp
is the second-narrowest. Narrowing to its specific behav-
ior on Seed 1 as shown on Figure 2, it achieves an MAE
of 5.21pp, an R2 of 0.9204, and a coverage of 90.63%
(29/32), which does meet the nominal target. The three
instances that it fails to cover are bays29, ts225, and
family B clustered n125 s0, where the model over-
predicts the gaps and the actual values lie beneath the lower
bound.

Random Forest + Conformal shares the identical RF
Stage 1; the distinction lies in Stage 2, where 26 of the
128 training instances are withheld as a calibration set, 102
are used to fit the regressor, and a single conformal score
is applied uniformly to every test prediction. That unifor-
mity ended up becoming a drawback, as the interval cannot

adapt to instance difficulty. This leads to its median width of
18.83±4.26pp being wider than its quantile counterpart’s and
its MAE of 36.22±23.25pp being worse, reflecting in part the
accuracy cost of fitting on 102 rather than 128 instances. Still,
in return it achieves a mean coverage of 86.34% ± 5.59%,
which is closer to nominal than the quantile variant.

XGBoost + Quantile averages an MAE of 33.68±24.97pp
and a log-space R2 of 0.768± 0.082. Its mean coverage of
68.88% ± 9.30% is by far the furthest of the four from the
nominal 90%, and it reaches nominal coverage on a single
seed alone, the worst count of the four models. XGBoost +
Conformal instead attains the highest mean coverage of the
four at 89.65%±6.63%, essentially at nominal, but it has the
widest intervals (21.54± 7.52pp) and the worst mean MAE
(39.16 ± 24.58pp). Its mean R2 value is 0.664 ± 0.240, al-
though the R2 actually turns negative on two of the thirty par-
titions (−0.0522 on Seed 1, for example), which implies that
the model sometimes performs worse than a baseline that al-
ways predicts the mean log-gap.

The conformal models achieve better coverage over the
thirty seeds (Table 5), which is expected given conformal pre-
diction’s design to deliver coverage at the cost of wider inter-
vals. This is not always the case, such as with the Random
Forest pair on Seed 1 (90.63% quantile against 75.00% con-
formal), but the mean across 30 seeds exhibits the trend.

On feature importance (Table 6), the Random For-
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Figure. 2 Predicted vs. true optimality gap for all four integrated pipelines, on the 32 test instances of the Seed-1 reference partition. Instances
are sorted by true gap within each panel; error bars show the 90% prediction interval; red × markers denote instances the interval fails to cover.
All four panels share the same log-scaled y-axis.

est gap regressor is dominated almost exclusively by
mst weight and avg violation magnitude, to-
gether 71.3% of its decisions for Quantile Regression and
68.5% for Conformal Prediction. Since both are weakly
correlated (r = −0.35), they differ from the domination
by triangle-inequality features in Stage 1. Interestingly,
the heuristic indicators also contribute about 13% in both
models, justifying our choice of predicted heuristic as a
Stage 2 feature. However, the XGBoost regressors differ
starkly in their feature weights: the quantile variant spreads

weight more evenly, led by avg violation magnitude
(0.130), triangle violation rate (0.087), and
heuristic NN (0.082), with type Explicit only
sixth at 0.065; the conformal variant on the other
hand concentrates on cv edge weight (0.591) and
avg violation magnitude (0.172).

Statistical Significance

Regardless of demonstrated performance differences between
certain models, inferences should be made cautiously. Indeed,
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Table 6 Gini feature importance for the four Stage 2 gap regressors, at Seed 1. Rows are ordered by Random Forest + Quantile importance.

Feature RF + Quant. RF + Conf. XGB + Quant. XGB + Conf.

mst weight 0.416 0.350 0.076 0.029
avg violation magnitude 0.297 0.335 0.130 0.172
cv edge weight 0.097 0.111 0.064 0.591
heuristic Insertion 0.078 0.082 0.072 0.067
heuristic CH 0.029 0.024 0.058 0.030
triangle violation rate 0.027 0.046 0.087 0.020
heuristic NN 0.019 0.017 0.082 0.018
edge weight skewness 0.011 0.009 0.057 0.008
min edge weight 0.008 0.008 0.051 0.008
n 0.008 0.008 0.039 0.010
pct short edges 0.007 0.006 0.053 0.006
heuristic Greedy 0.004 0.004 0.051 0.013
type Geo 0.000 0.000 0.059 0.004
type EUC 2D 0.000 0.000 0.057 0.004
type Explicit 0.000 0.000 0.065 0.020

differences between per-seed results are paired and subject to
direct testing since each seed uses the same partition in all
four pipelines. Following the recommendations of Demšar25,
whose framework compares different models on multiple data
sets rather than on multiple partitions of one data set, we use
non-parametric paired tests with a Holm-type correction in
case of comparing several learning algorithms with one ref-
erence algorithm. Nevertheless, the thirty splits resample the
same 160 instances and their test sets overlap, so they are not
independent of each other. Therefore, an ordinary paired test
would lead to an inflated Type I error rate26. In order to pre-
vent this, we report the corrected resampled t-test of Nadeau
and Bengio27 in the form given by Bouckaert and Frank28,
as well as the Wilcoxon signed-rank test29 and the ordinary
paired t-test. Holm–Bonferroni correction30 is done in every
metric category. Random Forest + Quantile is pre-specified as
the reference model (Table 7).

As shown in Table 7, it should be noted that none of the
tests achieve the significance threshold under Holm correc-
tion. The tests closest to significance are those related to MAE
comparison, which coincide at p = 0.1137 under the mono-
tonicity enforcement of Holm. Likewise, the Stage 1 com-
parison of the two selectors’ accuracy on the paired data is
null (1.67 accuracy points, 14 of 30 seeds, p = 0.359). In
other words, no statistical claims can be made regarding any
of the pipelines being better; Random Forest + Quantile is
still recommended solely due to its empirical superiority. For
comparison, without taking into account dependence, all 21 of
21 comparisons would have achieved significance, with some
reaching unbelievable p < 10−6. On the other hand, upon
taking the dependence into account, the MAE advantage of
Random Forest + Quantile over XGBoost + Quantile changed
from p = 6.3×10−7 to p = 0.038.

However, it should be mentioned that this is an example of
underpowered tests, rather than strict proof that the methods
are equivalent. The minimum detectable standardized effect
size is |dz|= 1.09 and even |dz|= 1.35 under Holm correction,
while all 12 main pairwise tests have smaller absolute effect
sizes than 1.35. This cannot be remedied by increasing the
number of seeds since the inflation factor is bounded below
by the ratio of test-to-training sample sizes: as k → ∞, the
minimum effect size only decreases to |dz| = 0.98. Overall,
the main issue is the limited size of the library, which has only
160 instances; one of the conclusions from this analysis is that
the extension of the dataset would be beneficial.

Finally, one inferential conclusion regarding internal valid-
ity does survive. When applying the one-sample Wilcoxon
signed-rank test29 to compare each pipeline’s per-seed cov-
erage against the target value of 90%, it can be seen that
XGBoost + Quantile is significantly miscalibrated, failing to
achieve nominal coverage by 21.12 percentage points and ob-
taining the nominal coverage on only 1 of 30 seeds (Holm p =
0.0008). On the other hand, neither of the conformal pipelines
is statistically significantly miscalibrated, while Random For-
est + Quantile under-covers by 7.83 percentage points, which
is also not significant (p = 0.0705). It is obvious that confor-
mal calibration provides the coverage property of the method-
ological design, while Quantile intervals are narrower and
lack such a property. The trade-off from both perspectives
is demonstrated by Fig. S1 in the Supplementary Material.

Computational Cost of Feature Extraction

First of all, our framework relies on the crucial assump-
tion about structural features being cheaper compared to the
heuristics that they replace. An obvious concern is that some
structural features have the same asymptotic complexity as
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Table 7 Paired significance tests across the thirty repeated hold-out seeds of Table 5. Positive differences favor Random Forest + Quantile; CI
denotes confidence interval. Reported p-values are Nadeau–Bengio corrected for the dependence between overlapping resampled test sets and
Holm–Bonferroni adjusted within each metric family. No comparison attains α = 0.05.

Reference: RF + Quantile Mean diff. 95% CI dz Wins Holm p

MAE (pp), lower is better
vs. RF + Conformal 6.697 [4.453, 8.940] 1.11 29/30 0.1137
vs. XGB + Quantile 4.152 [2.813, 5.491] 1.16 28/30 0.1137
vs. XGB + Conformal 9.633 [5.659, 13.606] 0.91 28/30 0.1137

R2(log), higher is better
vs. RF + Conformal 0.051 [0.026, 0.076] 0.76 21/30 0.4355
vs. XGB + Quantile 0.032 [0.017, 0.047] 0.80 24/30 0.4355
vs. XGB + Conformal 0.136 [0.039, 0.234] 0.52 23/30 0.4355

Median interval width (pp), lower is better
vs. RF + Conformal 4.568 [3.064, 6.073] 1.13 26/30 0.1252
vs. XGB + Quantile −0.361 [−1.731, 1.009] −0.10 15/30 0.8546
vs. XGB + Conformal 7.285 [4.302, 10.269] 0.91 26/30 0.1948

the heuristics—minimum spanning tree takes O(n2), whereas
pct short edges is O(n2 logn); however, it should be
stressed that the bottleneck of heuristics is dominated by
Christofides and Insertion, which have complexity of O(n3).
As a result, as n grows, feature extraction will become more
time-efficient than executing all heuristics. To identify the
conditions when our assumption holds, we measured the exe-
cution time of the feature vector and heuristics on the training
instances. Timing was done for the whole feature vector and
each heuristic on a single machine using a monotonic wall-
clock timer.

speedup =
tNN + tGreedy + tInsertion + tChristofides

tfeatures + tStage 1 + tStage 2
.

The timing was done on 130 benchmarked instances with
n ≤ 800 for which all four heuristics ran to completion. On
average, the framework is 15.86× faster than executing all
four heuristics, and this advantage grows monotonically as n
grows—from 0.52× for n ≤ 130 to 62.73× for 501 ≤ n ≤ 800
(supplementary Table S9). There are two interesting observa-
tions. Firstly, the framework is slower below roughly n = 150
because feature extraction involves a constant cost indepen-
dent of n, while all heuristics complete execution in millisec-
onds at small n. Secondly, the constant cost is dominated
by the two Monte Carlo triangle-inequality features, which
take 98.2% of the total extraction time because each sam-
ples 200,000 triples independent of instance size. Since the
200,000 triples were chosen manually, changing the sample
size could reduce the threshold well below n = 150.

It can be seen that with growing instance size the tradeoff
emerges. In an extreme example, consider the 15 instances for
which execution timed out, summing up to 23 rows; these in-

stances are impractical because Insertion (15) and Christofides
(8) run for more than 600,000 ms. Obviously, executing fea-
ture extraction is more efficient than executing all heuristics in
this case, which supports our model at bigger instance sizes.
These results are presented in supplementary Table S10. Over-
all, our framework is still justified given its applicability for
large instances, although it is limited for smaller ones.

Validation and Robustness

Scale invariance. Rescaling 154 of the 160 dataset instances
(the remaining six could not be re-sourced from their origi-
nal files) by factors of 0.01, 10, and 1000 and passing them
through both trained stages leaves the predicted heuristic un-
changed in 458 of 462 tests and reproduces the predicted gap
exactly in 396 of 462. Every mismatch occurs at the extreme
0.01× factor out of the three. At 0.01× specifically, 67 of
the 154 instances (43.5%) show some mismatch, with gap dif-
ferences of 2.9% relative on median (up to 16.4%); however,
the heuristic decision itself changes in only 4 of 154 cases.
All mismatches are due to a floating-point comparison in the
triangle-inequality check which carries no tolerance. Indeed,
on near-metric instances, sampled triples within rounding er-
ror of equality can flip across the strict inequality once every
distance is shrunk by two orders of magnitude (Supplemen-
tary Table S11). This is a numerical precision issue, rather
than features holding any scale dependence.

Generalization across instance families. As we re-
strict evaluation to the 105 original TSPLIB instances alone,
cross-validation reaches 76.19% against the 70.48% always-
Christofides baseline for that subset. This is a moderate in-
crease, which shows that the model does not strictly depend
on the generated instances but is strongly influenced.
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Still, the framework does not survive withholding an en-
tire synthetic family. Withholding the random family (which
is 100% Greedy) gives 0% accuracy against a 100% majority
baseline; the clustered family gives 76.92% accuracy when
withheld and tested, while christofides hard gives
86.21%, each exactly matching its own majority baseline,
so the model shows no advantage either; and TSPLIB gives
17.14% against 70.48% (supplementary Table S12), which is
worse than trivial. We located the cause with a model-agnostic
control (Table S13 of the supplementary material). Taking
each held-out instance’s nearest training instance in standard-
ized feature space, the label matches only 7.7–16.2% of the
time, and that neighbor sits 6 to 9 times farther away than a
typical within-dataset neighbor gap. We can conclude that the
problem is in training coverage, and not because our model
was leaning on any fragile patterns. We bound our claim ac-
cordingly: structural features predict heuristic performance
for instances drawn from the mixture of regimes this bench-
mark represents, and not zero-shot transfer into an unfamiliar
geometric regime.

Stage 1 to Stage 2 error propagation. Since in Protocol
B Stage 2 uses Stage 1’s predicted heuristic as an input fea-
ture, it is worth measuring the error propagation between the
models. We ran each pipeline twice on the identical split: as
deployed receiving the predicted heuristic from Stage 1, and
as an oracle receiving the true best heuristic. Three of the four
pipelines achieved a lower MAE in our deployed model than
under the oracle, by 0.65 to 1.42pp. Only XGBoost + Quan-
tile deployed worse than its oracle by 5.88pp; it also has the
weakest Stage 1 accuracy on this partition, so it exposes more
and more varied misclassifications. Supplementary Table S14
gives both configurations for all four pipelines.

This result seems counterintuitive, as receiving the true best
heuristic should produce better results than a direct passing
from Stage 1. This actually turned out to be because the Stage
2 model scores the optimality gap against the classified heuris-
tic, and as the heuristic given to Stage 2 for a certain instance
changes, the accuracy of the model is affected. Random For-
est’s Seed-1 errors are four true-Greedy instances predicted as
Christofides, so the oracle must predict Greedy gaps on them,
which is scarcer and harder-to-model (31 training instances)
than Christofides (75 training instances), while the deployed
pipeline predicts the better-modeled Christofides gaps. XG-
Boost + Quantile’s six misclassifications include two beyond
this pattern, for which the wrong classification does not bene-
fit the prediction gap. End-to-end gap estimates are therefore
not systematically degraded by imperfect selection, but rather
reflects which instances get misclassified and how well their
substituted heuristics are modeled. This result again corrobo-
rates our previous conclusion on how an extended dataset can
improve the model.

Discussion

Considering all pipelines, we move on to finding appropriate
ones to use. It is already evident that no pipeline shows statisti-
cal advantage over others; hence, this part of the work is aimed
at practicality and performance evaluation, referring to Stage
1 comparison from Table 3 and Stage 2 comparison from Ta-
ble 5 provided above.

Heuristic Selection.All three learned selectors show the
mean cross-validation accuracy from 79.38% to 80.00%, com-
fortably outperforming the type-based rule and single-best-
solver baseline. It indicates that cheap instance features can be
used to predict optimal heuristics. At that, difference between
any two selectors does not exceed 0.62 percentage points,
which is well within fold-to-fold variability; therefore, one
cannot claim the superiority of accuracy of any of selectors,
but rather separate them on the basis of regret. However, the
regret of the unconditional application of the most frequent
optimal heuristic Christofides amounts to 1.849 versus the
0.028 of Random Forest, a 66-fold decrease, and catastrophic
failures go down to 0.63% from 23.68%. Indeed, in the com-
parison of the fixed rule and our models accuracy proves to be
an insufficient criterion because the rule tends to yield much
too expensive errors and should be considered from the per-
spective of regret. Logistic regression does not prove to be
competitive, yielding more than fourfold regret compared with
each of two tree ensembles; otherwise, both tree ensembles
have similar regret, though XGBoost shows stronger fold-to-
fold deviation, more dependence on hyperparameters, and the
largest train–CV gap among the three. Consequently, Random
Forest appears to be more resistant according to these results.

Gap Prediction Quality.As for point accuracy, the Random
Forest combined with Quantile Regression appears to be the
strongest Stage 2 model (Table 5): it gives the lowest mean
MAE and the highest log-space R2 among the thirty seeds de-
spite non-optimal calibration. Indeed, both conformal variants
come closer to the nominal 90% coverage. The leadership
of Random Forest + Quantile stays consistent upon repeated
runs, yielding the lowest MAE 26 out of 30 seeds. Still, the
magnitude comparison between the Seed-1 values does not
confirm such dominance as a general one since Seed 1 cor-
responds to a good run within a more general distribution.

Final Pipeline.We choose Random Forest + Quantile Re-
gression for the point accuracy as the model having the lowest
mean MAE and the highest log-space R2, performing compet-
itively in other criteria and having the smaller train–CV gap
compared with XGBoost. Still, when the prediction interval
becomes necessary rather than the point estimate, the confor-
mal approach should be used since both approaches give sta-
tistically indistinguishable coverage from the nominal while
Random Forest + Quantile does not. Ultimately, we refrain
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from crowning any model as singularly statistically best, as
discussed in the Statistical Significance section above.

Practical Deployment Guidance

We will provide guidance for deployment based on the re-
sults obtained above. The decisive attribute for deploying
the framework is the instance size: below around n = 150
the framework is counter-productive due to the fixed cost of
feature extraction; the opposite happens beyond this threshold
and is growing with size. On which pipeline to use, we ad-
vise Random Forest + Quantile for a point estimate, assuming
that this one has margin of the same sign, but noting that it
does not have complete statistical evidence; correspondingly,
where the interval is required, we would suggest a conformal
alternative, since they both achieve closer coverage to nominal
compared to the Quantile models. On which output is reliable,
we consider the Random Forest Stage 1 model to produce the
more trustworthy output, as its errors are close ties with XG-
Boost’s, while for Stage 2 the interval should be considered,
not the point value. For Stage 2, we advise not taking into ac-
count single-partition MAE numbers as expected performance
on new instances, as the log-space R2 metric is a more sta-
ble summary. Finally, it is necessary to consider Monte Carlo
sample size first in case of adopting the framework, which was
not optimized but chosen conservatively and now dominates
the cost of feature extraction for small instance sizes.

Overall, this research has explored the possibility of using
cheaply computable structural features of the TSP instance
to predict both the best-performing construction heuristic and
the expected optimality gap without applying any heuristic
beforehand. The results indicate they can perform this task
within certain limitations of three kinds: the scope of appli-
cability of the framework, the strength of the evidence behind
the reported figures and quality of the features themselves.

Scope of applicability.Firstly, “the best” implies the best
of the 4 construction heuristics considered here; other tour-
construction and tour-improvement methods do not belong to
the pool. Secondly, all 160 instances lack diagonal entries
and retain the symmetrical structure, thus the asymmetric TSP
remains untested. Consequently, several features, including
the minimum spanning tree weight, are defined for undirected
graphs, and would need to be redefined for expansion of scope.
Finally, the problem is assumed to be in the form of a complete
weighted graph with known static distance matrix, while the
real-life routing problems with time windows, vehicle capaci-
ties or road networks violate this assumption. Ultimately, the
contribution is limited to the application to classical TSP in-
stances in the form of explicit or coordinate-derived distance
matrices, symmetric and with or without metric structure.

Strength of evidence.The current dataset consists of only
160 instances, of which 55 Explicit instances are artificially
generated in order to provide variation in the dataset besides
the TSPLIB; this is a beneficial characteristic in terms of ex-
tending our scope to non-metric instances and thus investigat-
ing more complex feature influences, such as triangle violation
rate, but from the practical standpoint these instances do not
represent real-world TSP instances distribution. The numbers
reported should thus be considered the evidence of viability
on this particular benchmark (instances similar to our training
set, such as Euclidean coordinate-derived instances, Geo in-
stances, and artificial Explicit instances, generated via compa-
rable algorithm) and not generalizable performance guarantee
on new, differently structured instances. This is also supported
by the analysis of leave-one-family-out, where the classifiers,
though not relying on provenance labels for different families
represented in the training data, failed to extrapolate to the in-
stance family left out of the training completely. Apart from
this, we mention a possible limitation of the measured opti-
mality gap for a number of instances in our training dataset:
Concorde has proved the optimality for most of instances,
but the remaining ones use LKH tours as the reference, and
their optimality gaps should be seen as approximate estimates
rather than exact measure. Moreover, even averaged across
30 partitions the gap figures prove to be very broad ranging,
with integrated MAE between 2.83 and 73.74pp (Table 5),
since there are only a few adversarial instances with gaps
three orders of magnitude higher than the median – resulting
in logarithmic-space R2 (0.800± 0.082) being the preferable
summary metric. These partitions also prove pipeline com-
parisons directionally consistent but not statistically signifi-
cant; we discussed the potential for improvement of this is-
sue through expansion of instance library. Lastly, we men-
tion Nearest Neighbor to have only 8 optimal instances and
be unrecoverable for all selectors (resulting in per-class F1
equal to zero), showing the limitation of class imbalance prob-
lem; however, this is also expected since this method performs
poorly on most instances. We conclude that revision of the set
of heuristics for selection to be more balanced is one of the
issues that can be improved in future works.

Feature set.Here, the Stage 2 predictions coincide perfectly
in 396 out of 462 attempts at rescaling, with some discrepan-
cies among the others but with only 4 of them changing the
recommended heuristic itself. As was mentioned earlier, the
reason for this is the rounding in the triangle inequality sam-
pling procedure, and it is awaiting a tolerance-based fix. Nev-
ertheless, independently of it, when considering certain fea-
tures, we have to point out that pct short edges is of lim-
ited usefulness, containing little of the information about the
edge lengths that we would expect from it, with the value fixed
around 0.10 (mean 0.102, standard deviation 0.011) due to the
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construction. In turn, the nonzero permutation importance of
this feature, 0.043, is more a weak indicator of tie heavy Ex-
plicit instances. Further, three pairs of features are strongly
correlated (Feature Diagnostics and Collinearity, above), with
variance inflation factors reaching 84.12. This means that due
to certain deficiencies in the feature set, the effective dimen-
sionality is closer to five rather than to nominal nine. However,
it does not affect predictive performance, as the tree ensem-
bles handle correlated variables, but only restricts the feature
importance of the feature in question. Still, pruning the redun-
dancy would give a more parsimonious model.

In general, broadly speaking, the two-stage pipeline pro-
posed above is a generalizable architecture for the solution
of other algorithm selection problems, one of the further ar-
eas for extension. Ultimately, the results support our claim,
albeit with scope limitations, about using cheap structural fea-
tures, chosen without running any heuristic beforehand, to se-
lect heuristics on the instances like these studied here. Ex-
panding this hypothesis to the further instance families, larger
dataset and other combinatorial problems is the natural further
step for this research.
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