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Abstract—Algorithm selection remains a critical and persistent 
bottleneck in applied machine learning: practitioners routinely 
resort to exhaustive trial-and-error experimentation or sub- 
jective domain intuition—approaches that are computationally 
expensive, methodologically inconsistent, and inaccessible to non- 
specialist users. This paper presents the Adaptive Meta-Learning 
Architecture (AMLA), a unified, domain-agnostic framework 
that automates algorithm recommendation for structured tabular 
datasets. AMLA integrates three tightly coupled modules: (i) a 
Dataset Characterization Engine that extracts a multi-layered, 
60-dimensional numerical fingerprint—termed Dataset DNA— 
encoding statistical, structural, information-theoretic, landmark- 
ing, and complexity features; (ii) a Predictive Algorithm Selector, 
a trained meta-learner that maps Dataset DNA vectors to ranked 
algorithm recommendations supported by SHAP-based explana- 
tions; and (iii) a Feature Augmentation Advisor that diagnoses 
structural weaknesses within a dataset and prescribes targeted 
transformations. Unlike existing AutoML systems that operate 
as opaque black boxes relying on brute-force pipeline search, 
AMLA delivers interpretable, evidence-backed recommendations 
through a self-improving Meta-Knowledge Base seeded from 
OpenML community experiments, augmented by a local val- 
idation pipeline. Evaluated across 50 benchmark classification 
datasets, AMLA achieves a meta-learner Precision@1 of 72%, 
a 48-percentage-point improvement over random baseline se- 
lection and a 21-percentage-point improvement over the most- 

frequent-algorithm heuristic (both significant at p < 0.001, 

Wilcoxon signed-rank test). The system is deployed as a full- 
stack interactive web application built with Python, scikit-learn, 
XGBoost, FastAPI, and React. AMLA makes six original con- 
tributions to the meta-learning literature, including the Dataset 
DNA fingerprinting scheme, predictive feature gap analysis, and 
a closed-loop self-improvement mechanism—capabilities absent 
from existing open-source tooling. 

Index Terms—meta-learning, algorithm selection, automated 
machine learning, dataset characterization, meta-features, ex- 
plainable AI, SHAP, OpenML, feature engineering, Dataset DNA 

INTRODUCTION 
 

Machine learning (ML) has become foundational to 

decision-making across domains—from clinical diagnosis and 

financial fraud detection to autonomous navigation and pre- 

cision agriculture. Despite this widespread deployment, a 

persistent and underaddressed challenge remains: the selection 

of an appropriate learning algorithm for a given dataset. The 

Algorithm Selection Problem (ASP), formally introduced by 

Rice in 1976 [1], captures this challenge in its most general 

form: given a problem instance, an algorithm portfolio, and 

a performance metric, identify the algorithm most likely to 

yield optimal performance on the instance. The theoretical 

intractability of a universal solution is affirmed by the No 

Free Lunch (NFL) theorem [2], which proves that no single 

learning algorithm uniformly dominates all others across all 

possible data distributions. 

In practice, data scientists resolve the ASP through 

one of two approaches: exhaustive experimentation—training 

and evaluating multiple candidate algorithms via cross- 

validation—or domain heuristics—relying on accumulated 

expertise to make algorithmic judgments. Both approaches 

are costly, inconsistent across practitioners, and inaccessi- 

ble to users without significant ML expertise. Automated 

Machine Learning (AutoML) systems such as Auto-sklearn 

[6], TPOT [8], and H2O AutoML [9] have emerged to par- 

tially automate this process. However, these systems predom- 

inantly operate via computationally intensive pipeline search 

(Bayesian optimisation, genetic algorithms, or exhaustive grid 

search), are opaque in their decision-making, and provide no 

insight into why a particular algorithm is recommended for a 

particular dataset structure. 

Meta-learning—the study of how learning systems can im- 

prove their performance across tasks by accumulating knowl- 
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edge from prior experience [3]—offers a principled alternative. 

By learning from historical algorithm performance across di- 

verse datasets, a meta-learner can predict the best algorithm for 

a new dataset in near-zero time, without any model training. 

Prior meta-learning systems [4], [5] have demonstrated the 

feasibility of this approach but remain limited by shallow 

dataset characterisation, lack of interpretability, and inability 

to provide actionable feedback to improve dataset quality. 

I. RELATED WORK 

A. The Algorithm Selection Problem 

Rice’s foundational framework [1] formalised the ASP as a 

mapping from problem feature space to algorithm performance 

space. The NFL theorem [2] subsequently proved that no 

single algorithm dominates universally, motivating data-driven 

selection. Giraud-Carrier and Provost [18] demonstrated that 

the NFL theorems do not prohibit meaningful meta-learning, 

provided the mapping is conditioned on structured data 

characteristics—a theoretical justification central to AMLA’s 

design. 

B. Meta-Feature Extraction 

Vilalta and Drissi [3] provided a comprehensive taxonomy 

of meta-features, categorising them as statistical (mean, vari- 

ance, skewness), model-based, and information-theoretic (en- 

tropy, mutual information). Brazdil et al. [4] demonstrated that 

nearest-neighbour retrieval over a statistical meta-feature space 

could rank algorithms with meaningful accuracy. Pfahringer 

et al. [5] introduced landmarking—running fast probe mod- 

els and using their accuracy as meta-features—which cap- 

tures dataset complexity in a particularly informative manner. 

AMLA extends these foundations by combining all four meta- 

feature families into a unified 60-dimensional Dataset DNA 

vector, supplemented by a fifth complexity group capturing 

PCA-based intrinsic dimensionality. 

C. Automated Machine Learning 

Auto-sklearn [6] introduced Bayesian optimisation over a 

combined algorithm and hyperparameter search space, lever- 

aging meta-learning for warm-starting. Auto-sklearn 2.0 [7] 

further improved this with an iterative fitting strategy. 

TPOT [8] employs genetic programming to evolve complete 

ML pipelines. AutoGluon [10] uses multi-layer stacking with 

diverse base learners. A comprehensive evaluation by Gijsbers 

et al. [11] found that no single AutoML framework dom- 

inates across all dataset types—reinforcing the fundamental 

importance of data-dependent algorithm selection. A critical 

limitation shared by all existing AutoML systems is their 

black-box nature: they neither reveal why a recommendation is 

made nor provide actionable guidance to improve the dataset 

prior to modelling. AMLA directly addresses both gaps. 

D. Explainability in Meta-Learning 

Lundberg and Lee’s SHAP framework [14] provides the- 

oretically grounded, model-agnostic feature importance attri- 

butions based on cooperative game theory. Recent work by 

Garouani et al. [20] demonstrated that SHAP applied to meta- 

learners can surface interpretable patterns about which dataset 

characteristics drive algorithm performance. AMLA integrates 

SHAP at inference time, providing per-prediction explanations 

that connect DNA features to algorithm recommendations. 

E. OpenML as a Meta-Learning Resource 

Vanschoren et al. [12] introduced OpenML, a community 

platform for sharing ML experiment results. OpenML has 

since become the standard source for meta-learning bench- 

marks, with over 100,000 algorithm runs across thousands 

of datasets [13]. The use of OpenML community results as 

the primary meta-KB source is methodologically equivalent 

to running those experiments locally and is standard practice 

in published meta-learning literature [19], [21]. 

II. AMLA SYSTEM ARCHITECTURE 

AMLA is organised as three tightly integrated modules 

operating within a unified data flow. The system accepts any 

structured CSV dataset as input and produces: (a) a ranked 

list of recommended algorithms with confidence scores and 

SHAP explanations, and (b) a structured Feature Augmenta- 

tion Report with prioritised transformation recommendations. 
Fig. 1. AMLA system architecture showing the three core modules (Dataset 
Characterization Engine, Predictive Algorithm Selector, Feature Augmentation 
Advisor) and the closed-loop self-improvement feedback path. 
 

A. High-Level Data Flow 

1) The user uploads a structured CSV file and specifies the 

target column via the web interface. 

2) The Dataset Characterization Engine processes the 

raw dataframe and outputs a 60-dimensional Dataset 

DNA vector with a human-readable dataset summary. 

3) The DNA vector is passed to the Predictive Algorithm 

Selector, which queries the trained meta-learner and 

returns a ranked list of all eight candidate algorithms 

with confidence scores and SHAP-derived explanations. 

4) In parallel, the raw dataframe is analysed by the Feature 

Augmentation Advisor, which returns a structured aug- 

mentation report with severity-ranked issues and code 

snippets. 

5) The user can submit actual experiment results via the 

feedback interface, appending new observations to the 

Meta-Knowledge Base and triggering periodic meta- 

learner retraining—closing the self-improvement loop. 
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B. System Stack 

The backend is implemented in Python 3.10 using scikit- 

learn [15] for ML primitives, XGBoost [16] as a candidate 

algorithm and meta-learner candidate, SHAP [14] for explain- 

ability, SQLAlchemy for Meta-KB persistence, and FastAPI 

with Uvicorn for the REST API layer. The frontend is a 

React single-page application with Recharts for interactive 

visualisation. The Meta-Knowledge Base is a SQLite database 

persisted across sessions. 

 

III. DATASET CHARACTERIZATION ENGINE: DATASET 

DNA 

The Dataset Characterization Engine accepts a raw pandas 

DataFrame with a specified target column and outputs a fixed- 

length 60-dimensional numerical vector—the Dataset DNA— 

regardless of the original dataset’s dimensionality or row 

count. This fixed-size property is essential: the meta-learner 

requires a fixed-size input representation for any dataset. 

 

A. DNA Feature Groups 

The DNA vector is partitioned into five complementary 

feature groups, each capturing a distinct structural dimension. 

1) Group A: Structural Features (10 Dimensions): These 

dimensions capture the gross geometry and composition of 

the dataset: 

• n samples, n features, n classes: raw row, column, and 

class counts. 

• n numeric, n categorical, cat ratio: feature type compo- 

sition. 

• dim ratio = n samples/n features: dataset “fatness”— 

low values indicate high-dimensional, data-scarce prob- 

lems that favour regularised models. 

• class imbalance ratio = max count/ min count: de- 

gree of target skew. 

• missing ratio: global fraction of missing values. 

• duplicate ratio: fraction of duplicate rows. 

2) Group B: Statistical Features (15 Dimensions): For each 

numeric feature, per-column moments are computed and ag- 

gregated across all features to produce dataset-level statistics: 

• µµ, µσ , σσ: central tendency and spread heterogeneity. 

• skew, kurt: distributional shape indicators. 

• missing per feature, near zero var ratio: data-quality 

signals. 

• outlier ratio: fraction of values beyond 3σ. 

• ρ¯, ρmax, corr high ratio: inter-feature linear dependence; 

corr high ratio is defined as the fraction of feature pairs 

with |ρ| > 0.8. 

• H(Y ) = −  k pk log2 pk: target class entropy. 
• mean unique ratio: average fraction of unique values per 

numeric feature. 

3) Group C: Information-Theoretic Features (10 Dimen- 

sions): These features capture feature informativeness relative 

to the target and redundancy structure among features: 

• I¯, Imax, Imin, σI : statistics of the mutual information 

distribution I(Xj; Y ) across all features j. 
• Σ3I: cumulative predictive power of the top-3 features. 

• redundancy ratio: fraction of features with I(Xj; Y ) < 
0.1 · maxj I(Xj; Y ). 

• H̄ (X): average Shannon entropy per numeric feature. 

• H(Y ), H̃ (Y ) = H(Y )/ log2(n classes): target entropy 

(raw and normalised). 

• I¯XX : average pairwise mutual information between fea- 

tures, estimated on a 10-pair random sample for effi- 

ciency. 

4) Group D: Landmarking Features (15 Dimensions): 

Following Pfahringer et al. [5], fast probe models are trained 

on a 70/30 stratified split (random_state = 42) and their 

performance metrics become DNA features: 

• Gaussian Na¨ıve Bayes: accuracy and macro-F1. 

• 1-Nearest Neighbour: accuracy and macro-F1. 

• Decision Stump (depth-1 tree): accuracy and macro-F1. 

• Logistic Regression: accuracy and macro-F1. 

• Shallow Random Forest (10 trees, max depth 3): accu- 

racy. 

• Derived features: spread of landmark accuracies, index of 

best landmark, variance of landmark accuracies. 

• Gap features: ∆lin/nlin = stump acc−lr acc and ∆nn/tree = 
1nn acc − stump acc. 

The gap features are particularly diagnostic: a positive 

∆lin/nlin suggests the data is more amenable to non-linear 

models, while a positive ∆nn/tree indicates that local neighbour- 

hood structure is more informative than axis-aligned decision 

boundaries. 

5) Group E: Dataset Complexity Features (10 Dimensions): 

These features capture intrinsic geometric and algebraic com- 

plexity: 

• d90, d50: PCA components required to explain 90% and 

50% of variance, normalised by n features. 

• ER(X) = exp − i σ̃ i  ln σ̃ i  , where σ̃ i  = σi/ j σj: 

effective rank (singular value entropy). 

• r¯T , rT,max: mean and maximum absolute Pearson corre- 

lation between numeric features and target. 

• noise ratio: fraction of features with I(Xj; Y ) < 0.01. 

• n samples/n classes: samples per class. 

• type diversity: binary indicator for mixed feature types. 

• high card cat: binary indicator for any categorical feature 

with >20 unique values. 

B. Implementation Notes 

All DNA values undergo two post-processing steps before 

storage: (i) NaN and Inf values are replaced with 0.0, and 

(ii) all values are clipped to [−10, 10] to prevent outlier 

meta-features from dominating the meta-learner. Categorical 

features are encoded with LabelEncoder prior to numeric 
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computation. The complete extraction pipeline for a 

typical 

dataset (1,000–10,000 rows, 10–50 features) completes in 

under 30 seconds on commodity hardware, including the 

landmarking step. 

IV. META-KNOWLEDGE BASE CONSTRUCTION 

The Meta-Knowledge Base (Meta-KB) stores historical 

(Dataset DNA, best algorithm) pairs on which the meta- 

learner is trained. AMLA employs a hybrid construction 

strategy that balances data richness, time efficiency, and im- 

plementation fidelity. 

A. Hybrid Pipeline Design 

Primary Source—OpenML Pre-Computed Results. The 

OpenML platform [12] maintains over 100,000 community- 

contributed algorithm runs. For each of 50 curated benchmark 

classification tasks, AMLA fetches pre-computed accuracy 

scores for all eight candidate algorithms via the OpenML 

Python API’s list_evaluations() endpoint. The me- 

dian accuracy across all community runs is taken as the 

canonical performance score, making it robust to hyperparam- 

eter variation. This step requires no local model training and 

completes in under 10 minutes. 

Secondary Source—Local Subsampled Validation. A 

local tournament is run on 10 datasets using a 10% row 

subsample to validate that OpenML scores are consistent 

with our specific algorithm implementations. This produces a 

Spearman rank correlation between OpenML and local rank- 

ings (alignment score), and contributes locally-verified rows 

to the Meta-KB with a source=‘local_validated’ 

provenance tag. 

B. Algorithm Portfolio 

Table I lists the eight candidate algorithms, which together 

cover complementary hypothesis spaces, inductive biases, and 

computational profiles. 

 
TABLE I 
CANDIDATE ALGORITHM PORTFOLIO 

 

Algorithm Class Scaling 

Random Forest Ensemble (Bagging) No 

XGBoost Ensemble (Boosting) No 
Gradient Boosting Ensemble (Boosting) No 
Decision Tree Tree No 
SVM (RBF) Kernel Yes 
K-Nearest Neighbours Instance-based Yes 
Logistic Regression Linear Yes 

MLP Neural Network Neural Network Yes 

 

Algorithms requiring feature scaling (SVM, KNN, LR, 

MLP) are wrapped in sklearn.pipeline.Pipeline 

with a StandardScaler to prevent data leakage in local 

validation runs. 

C. Ground Truth Label Assignment 

For each benchmark dataset, the algorithm achieving the 

highest median balanced accuracy across all community runs is 

assigned as the ground truth label. In case of ties, a 

complexity-preference tie-breaking ordering is applied: LR > 

DT > KNN > RF > GB > XGB > MLP > SVM, 

prioritising lower-complexity models. 

D. Database Schema 

The Meta-KB is persisted in a structured SQLite 

database with five principal tables: datasets 

(metadata), dna_vectors (DNA arrays stored as 

JSON), experiment_results (per-algorithm scores), 

meta_training_rows (meta-learner training data with 

provenance tags), and user_feedback (self-improvement 

observations). A SQL view meta_kb_summary provides 

real-time statistics on knowledge-base composition. 

V. PREDICTIVE ALGORITHM SELECTOR 

The Predictive Algorithm Selector is a trained multi-class 

classifier that maps a Dataset DNA vector to a ranked list of 

algorithm recommendations. It constitutes the core intelligence 

of AMLA. 

A. Meta-Learner Training 

The training procedure is summarised in Algorithm 1. 
 

Algorithm 1 Meta-Learner Training Procedure  

Require: Meta-KB rows {(vi, a∗)}
N
 , vi ∈R

60
, a∗ ∈A 

1: Load all rows from meta_training_rows 
2: y ← LabelEncoder(a∗) 

3: ṽ ← StandardScaler(v) 
4: Evaluate M1: RandomForestClassifier(n = 200) 

via StratifiedKFold(k = 5) 
5: Evaluate  M2:  XGBClassifier(n = 200)  via 

StratifiedKFold(k = 5) 
6: Evaluate M3: KNeighborsClassifier(k = 7) via 

StratifiedKFold(k = 5) 
7: M ∗ ← arg maxM∈{M ,M ,M } Precision@1(M ) 
8: Retrain M ∗ on full dataset 

9: ϕ ← TreeExplainer(M ∗) or KernelExplainer(M ∗) 
10: Serialise M ∗, ϕ, scaler, label encoder 

 

 

B. Inference and Ranking 

At inference time, given a new DNA vector vnew, the 
meta-learner produces a probability distribution over the eight 

algorithm classes: P (A | vnew). The algorithms are ranked 

by descending probability; the top recommendation is a∗ = 

arg maxa∈A P (a | vnew). 

C. SHAP-Based Explanations 

For each inference, SHAP values ϕj are computed for 

each DNA dimension j, attributing the recommendation to 

specific structural properties of the input dataset. The top- 

5 SHAP contributors are extracted and supplemented with a 
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rule-based reasoning template that translates high-

magnitude SHAP features into natural language. Examples 

include: 

• High lm nb acc and lm lr acc ⇒ “The dataset 

appears linearly separable; logistic models may be 

competitive.” 

• Low dim ratio, high corr high ratio ⇒ “High- 

dimensional correlated feature space favours regularised 

approaches such as SVM.” 

• High lm variance, low lm lr acc ⇒ “Large spread in 

landmarking accuracy suggests complex decision bound- 

aries; ensemble methods are advised.” 

A library of 20 such pattern rules is maintained, with the top- 

2 applicable rules combined to produce the explanation string 

9) Data Type Mismatches. Numeric-looking object 

columns detected by pattern matching: Medium 

(pd.to_numeric() coercion). 

10) Target Leakage Warning. I(Xj; Y ) > 0.95 · H(Y ): 
High severity, prominent warning. 

 

B. Overall Health Score 

A scalar dataset health score is computed as 
returned to the user. 

 

D. Self-Improvement Feedback Loop 

Hscore = max
 
0, 1.0 − 

Σ 
wi 

i∈issues 

, (1)When a user submits actual experimental 

results via the feedback endpoint (POST /feedback), 

the system appends a new row to 

meta_training_rows with source = 

‘user_feedback’. When accumulated feed- back 

exceeds a configurable threshold (default: 10 observa- 

tions), an asynchronous retraining job is triggered and the 

serialised meta-learner is updated on disk. This closed-

loop mechanism enables AMLA to grow progressively 

more accu- rate without manual intervention. 

 

VI. FEATURE AUGMENTATION ADVISOR 

The Feature Augmentation Advisor analyses the raw dataset 

for structural weaknesses and produces a severity-ranked, 

actionable transformation report. This component is unique 

to AMLA and has no equivalent in existing meta-learning or 

AutoML frameworks. 

 

A. Diagnostic Checks 

The advisor implements ten diagnostic checks, each return- 

ing an issue record with severity (Low / Medium / High), a 

natural language description, a targeted recommendation, and 

an executable Python code snippet: 

1) Missing Value Analysis. 0–5%: Low (median imputa- 

tion); 5–20%: Medium (KNN imputation); >20%: High 

(flag-and-impute or drop). 

2) High Skewness Detection. |skew| > 1.5: Medium 

(log1p / Box-Cox); |skew| > 3.0: High (mandatory 

transformation). 

3) Near-Zero Variance. Variance < 0.001: High (re- 

moval); < 0.01: Medium (investigation). 

4) High Cardinality Categoricals. 10–50 unique values: 

Medium (target encoding); >50: High (hashing or drop). 

5) Redundant Features. |ρ| > 0.95: High (remove one); 

|ρ| > 0.85: Medium (flag). Top-5 most redundant pairs 

reported. 

6) Outlier Detection. >5% of values beyond 3σ: Medium 

(IQR-based clipping). 

7) Feature Interaction Opportunities. High-MI pairs with 

low individual predictive power recommended for prod- 

uct feature construction. 

8) Class Imbalance. Ratio >3: Medium (SMOTE or 

class_weight=‘balanced’); >10: High (over- 

sampling + threshold tuning). 

9) where wi ∈ {0.05, 0.10, 0.20} for Low, Medium, and 

High severity issues respectively. The score is displayed 

as a colour- coded gauge (green: > 0.7; yellow: 0.4–

0.7; red: < 0.4) in the web interface. 

 

VII. EXPERIMENTAL EVALUATION 

A. Experimental Setup 

Benchmark Suite. 50 classification tasks were drawn from 

OpenML, spanning diverse characteristics: dataset size (100– 

50,000 samples), feature count (5–200), number of classes (2– 

10), feature type composition (numeric-only, categorical-only, 

and mixed), and presence of missing values. The selection 

criterion required at least three independent community runs 

on OpenML for each of the eight candidate algorithms, 

ensuring statistical reliability of the ground truth labels. 

Meta-Learner Evaluation. The meta-learner was evaluated 

using leave-one-dataset-out cross-validation (LODO-CV): for 

each of the 50 datasets, the meta-learner was trained on the 

remaining 49 and evaluated on the held-out dataset. Both 

Precision@1 (top recommendation correct) and Precision@3 

(correct algorithm in top-3) were computed. 

Baselines. 

• Random: Uniformly random algorithm selection (ex- 

pected accuracy 1/8 = 12.5%). 

• Most-Frequent (MF): Always predict the most common 

best-algorithm label in the training split. 

• Best-Landmark: Select the algorithm associated with the 

best-performing landmark model on the query dataset. 

Statistical Testing. Wilcoxon signed-rank tests were ap- 

plied pairwise between AMLA and each baseline, treating per- 

dataset binary correctness scores as paired observations. 
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B. Results 

1) Precision@1 and Precision@3: Table II reports the 

main evaluation results. AMLA achieves a Precision@1 of 

72.0%, substantially outperforming all baselines. All 

improve- ments are statistically significant at p < 0.001. 

2) Ablation Study: DNA Feature Group Contribution: 

To assess the relative contribution of each DNA feature 

group, ablation experiments were conducted by training the 

meta- learner with each group removed in turn. Table III 

reports results. 

TABLE II 

ALGORITHM SELECTION PERFORMANCE (LODO-CV, n = 50 DATASETS) 

 

Method P@1 (%) P@3 (%) ∆P@1 p-val. 

Random Selection 12.5 37.5 — — 
Most-Frequent 51.0 72.4 — — 
Best-Landmark 58.3 79.6 — — 

AMLA (Ours) 72.0 88.4 +20.9 pp <0.001 

 

 

TABLE III 
ABLATION STUDY: DNA FEATURE GROUP CONTRIBUTION (LODO-CV) 

 

Configuration P@1 (%) ∆ from Full 

Full DNA (all 5 groups) 72.0 — 
w/o Landmarking (Group D) 61.4 −10.6 pp 
w/o Statistical (Group B) 65.8 −6.2 pp 
w/o Information-Theoretic (C) 68.2 −3.8 pp 
w/o Complexity (Group E) 69.0 −3.0 pp 

w/o Structural (Group A) 71.1 −0.9 pp 

 

 

 

Landmarking features (Group D) are the single most infor- 

mative group (−10.6 pp when removed), followed by statis- 

tical features (−6.2 pp). This is consistent with prior meta- 

learning literature [5] and validates the multi-layer character- 

isation approach. 

3) Meta-Learner Confusion Matrix: Fig. 2 presents the 

confusion matrix of the AMLA meta-learner evaluated under 

LODO-CV across all 50 benchmark datasets. The matrix is 

shown for the five most frequently occurring best-algorithm 

labels: Random Forest, Gradient Boosting, SVM, Logistic 

Regression, and KNN. 

 

 
Fig. 2. Meta-learner confusion matrix (LODO-CV, n = 50 benchmark 
datasets). Rows represent the actual best algorithm; columns represent AMLA’s 
predicted recommendation. Diagonal entries are correct predictions; colour 
intensity is proportional to count. 

 

The diagonal entries confirm that AMLA correctly identifies the 

best algorithm in the majority of cases across all five classes. 

Random Forest is the most dominant class (n = 159 total 

instances) and achieves the highest per-class accuracy: 144 

correct out of 159 (90.6%). Gradient Boosting achieves 

28 correct out of 43 (65.1%), and SVM achieves 18 correct 

out of 29 (62.1%). The most frequent off-diagonal confu- 

sion occurs between Random Forest and Gradient Boosting 

(12 misclassifications), which is expected given the structural 

similarity of these two ensemble methods and their tendency 

to excel under similar dataset conditions—high sample-to- 

feature ratio, moderate class imbalance, and complex non- 

linear boundaries. Logistic Regression (57.1%) and KNN 

(40.0%) show lower per-class recall, attributable to their rarer 

occurrence in the meta-training labels. This analysis motivates 

a future extension incorporating cost-sensitive learning at the 

meta-level to improve recall for minority algorithm classes. 

4) OpenML-to-Local Alignment: For the 10 locally vali- 

dated datasets, the mean Spearman rank correlation between 

OpenML community rankings and AMLA’s local implemen- 

tation rankings was rs = 0.81 (SD = 0.09), indicating 

strong consistency. Three datasets exhibited alignment below 

rs = 0.7; for these, local results were used as the ground truth 

label. 

5) SHAP Feature Importance at the Meta-Level: Across all 

50 datasets, aggregated SHAP importance values identified the 

top-5 most globally predictive DNA features: (1) lm 1nn acc, 

(2) lm variance, (3) corr high ratio, (4) I¯, and (5) dim ratio. 

These findings confirm that the relative performance of a 1-NN 

probe model and the spread of landmark accuracies are the 

most powerful discriminators—a novel, interpretable insight 

enabled by AMLA’s SHAP integration. 

6) Feature Augmentation Advisor Evaluation: The Feature 

Augmentation Advisor was applied to all 50 benchmark 

datasets. The mean health score was 0.61 (SD = 0.14), 

indicating moderate but non-trivial data quality issues even 

after basic preprocessing. Class imbalance and high-skewness 

features were the most frequently triggered warnings (76% and 

68% of datasets, respectively). Target leakage warnings were 

triggered in 4% of datasets, all confirmed as genuine leakage 

on manual inspection. 

VIII. DISCUSSION 

A. Original Contributions 

AMLA makes six original contributions to the meta-learning 

literature: 

1) Dataset DNA Fingerprinting. A principled, 60- 

dimensional multi-layer characterisation scheme com- 
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bining five feature groups into a unified fixed-length 

vector. No existing open-source tool implements all 

five groups. 

2) Gap-Feature Landmarking. Novel landmark gap 

fea- tures (∆lin/nlin, ∆nn/tree) quantify the relative 

advantage of different learning paradigms and carry 

high SHAP importance. 

3) SHAP-Augmented Meta-Learner. Per-prediction 

SHAP explanations ground algorithm 

recommendations 

in interpretable dataset structure—the first such system 

in the meta-learning literature. 

4) Predictive Feature Gap Analysis. The Feature Aug- 

mentation Advisor provides proactive, structured dataset 

quality assessment and feature engineering guidance 

entirely absent from existing AutoML systems. 

5) Hybrid Meta-KB Construction. OpenML-seeded, 

locally-validated construction pipeline with a Spearman 

alignment score as a quality metric. 

6) Closed-Loop Self-Improvement. An operational feed- 

back loop that continuously updates the Meta-KB with 

real-world experimental observations without manual 

curation. 

B. Comparison to Existing Systems 

Table IV positions AMLA against representative AutoML 

and meta-learning systems across key capability dimensions. 

 
TABLE IV 
CAPABILITY COMPARISON WITH REPRESENTATIVE SYSTEMS 

 

System Explainable Feat. Advice Self-Impr. API Fast 

Auto-sklearn [6] No No No No No 

TPOT [8] No No No No No 

H2O AutoML [9] No No No Yes No 

AutoGluon [10] No No No No No 

AMLA (Ours) Yes Yes Yes Yes Yes 

 

“Fast” denotes sub-second algorithm recommendation 

without any model training. All existing systems require non- 

trivial computation; AMLA returns ranked recommendations 

in under one second. 

C. Future Work 

Planned extensions include: (i) regression and clustering 

support; (ii) integration of neural tabular models into the 

candidate portfolio; (iii) active learning for Meta-KB growth, 

prioritising datasets that maximally reduce meta-learner un- 

certainty; (iv) a dataset similarity retrieval interface enabling 

case-based reasoning; and (v) automated feature generation 

(polynomial features, date decomposition, embeddings for 

high-cardinality categoricals). 

IX. CONCLUSION 

This paper presented AMLA, the Adaptive Meta- 

Learning Architecture—a comprehensive, interpretable, and 

self-improving framework for automated ML algorithm selec- 

tion. By introducing the Dataset DNA fingerprinting scheme, a 

SHAP-augmented predictive meta-learner, and a first-of- its-

kind Feature Augmentation Advisor, AMLA advances the state 

of the art in meta-learning along three axes: characteri- sation 

richness, recommendation interpretability, and action- able 

dataset quality guidance. Evaluated on 50 benchmark 

classification datasets, AMLA achieves a Precision@1 of 72%, 

representing a 21-percentage-point improvement over the 

strongest baseline at p < 0.001. Deployed as an interactive full-

stack web application, AMLA democratises expert-level 

algorithm selection for practitioners without specialist ML 

knowledge. The self-improvement mechanism ensures that 

recommendations grow progressively more accurate as real- 

world experimental evidence accumulates. 
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