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Abstract

Liver disease prediction using machine learning has been studied widely on the Indian Liver Patient Dataset (ILPD), yet many reported
accuracies come from a single train and test split, from resampling carried out before the data are divided, or from duplicated patient
records that appear in both training and test data. This study presents a leakage free evaluation of five classifiers for liver disease
detection from routine liver function tests: support vector machine (SVM), logistic regression, random forest, XGBoost and k nearest
neighbours (KNN). After removing 13 duplicate records, 570 patients were analysed. Imputation, log transformation, scaling and
minority oversampling were fitted inside each training fold, and performance was estimated by nested cross validation with three
repeats of stratified fivefold outer validation and a fivefold inner grid search. Logistic regression reached the highest mean ROC AUC
of 0.754 (95% CI 0.717 to 0.790) and the SVM reached 0.741 (0.683 to 0.800). No pairwise difference was significant under the
corrected resampled t test with Holm adjustment. A preliminary single split experiment with the same SVM had given an AUC of
0.806, which shows how weak evaluation inflates published results. Handling class imbalance mattered more than the choice of
classifier, since the SVM fell to an AUC of 0.690 without it. Every model detected disease less well in women than in men (SVM
AUC 0.629 against 0.785). SHAP values and permutation importance ranked alanine aminotransferase, bilirubin, aspartate
aminotransferase and alkaline phosphatase as the strongest predictors. On a second liver dataset for hepatitis C related disease, every
model exceeded an AUC of 0.97, and the final SVM pipeline scores one patient in 1.6 ms. These findings give a realistic baseline for
machine learning liver disease screening and show that sex stratified validation is needed before clinical use.

Keywords: liver disease prediction, machine learning, support vector machine, logistic regression, XGBoost, random forest, Indian
Liver Patient Dataset, nested cross validation, data leakage, class imbalance, SHAP, algorithmic fairness, clinical decision support

Our own first experiments followed this pattern. An SVM tuned
and tested on one 80/20 split, with duplicate records retained and
oversampling applied to the whole training set before the tuning
folds were formed, gave an accuracy of 0.735 and a ROC AUC
of 0.806 on 117 test patients. We then rebuilt the experiment so
that every data dependent step is fitted inside the training folds
of a nested, repeated cross validation. Under this design the same
SVM reached a mean AUC of 0.741. The present paper reports
that rebuilt study.

The study asks four questions. First, how well do common
classifiers detect liver disease on ILPD when evaluation is free

1 Introduction

Liver disease causes about two million deaths each year, roughly
four percent of all deaths worldwide, and about two thirds of
these deaths occur in men [1, 15]. Much of this burden comes
from conditions such as viral hepatitis, alcohol related liver
disease and metabolic fatty liver disease, which progress for
years with few symptoms. Early signs often appear first in
routine blood chemistry. Bilirubin, the aminotransferases (ALT
and AST), alkaline phosphatase and albumin are measured in
most hospital laboratories at low cost, and clinical guidelines use
them as the first step in evaluating suspected liver injury [25]. A

model that flags likely liver disease from these values could help
clinics with few specialists decide which patients to refer for
imaging, serology or biopsy.

This possibility has made liver disease prediction a common task
in applied machine learning. The Indian Liver Patient Dataset
(ILPD), collected in Andhra Pradesh and released through the
UCI Machine Learning Repository [34, 36], is the most used
public benchmark for it. Published studies on this dataset report
a wide range of results, from an accuracy of about 80 percent
[17] to more than 90 percent [29], and accuracies near 98 percent
were reported on an early version of the data [35]. Many other
comparisons of classifiers have been published on the same
records [2, 39]. Such a wide range on nearly the same records is
a warning sign. Differences in evaluation design, rather than
differences in algorithms, can explain much of it. Common
practices include reporting a single random split, balancing the
classes before splitting so that synthetic or copied samples reach
the test data, tuning hyperparameters on the same data used to
report accuracy, and ignoring the duplicate records in the file.
Each of these practices is a form of data leakage, which makes
models look better than they will be on new patients [23, 24].

of leakage? Second, are the differences between classifiers
statistically reliable? Third, how much do class imbalance
handling and the choice of decision threshold change clinical
usefulness? Fourth, does performance differ between male and

female patients, and which laboratory values drive the
predictions?
The contributions are as follows.

1. A leakage free benchmark of SVM, logistic regression,

random forest, XGBoost and kNN on ILPD after
duplicate removal, using nested repeated cross
validation and confidence intervals corrected for
overlapping training sets.

2. A statistical comparison with three complementary
tests and correction for multiple comparisons, which
shows that no classifier is reliably better than logistic
regression on this task.

3. An ablation of class imbalance strategies and an
analysis of operating thresholds, calibration and sex



specific performance that clinical users need before
deployment.

4. Model explanations with permutation importance and
SHAP, a cross dataset check on a hepatitis C
laboratory dataset, and a measurement of inference
cost for the final pipeline. All code runs in a single
notebook so that the results can be reproduced.

2 Literature Review
2.1 Machine learning on the Indian Liver Patient
Dataset

Ramana, Babu and Venkateswarlu introduced the liver patient
data from Andhra Pradesh and compared naive Bayes, C4.5,
back propagation networks, kNN and SVM on it and on the
BUPA liver disorders data from the United States [35]. On an
early version of the Andhra Pradesh data with 751 records they
reported accuracies between about 95 and 98 percent, with kNN
performing best. A later paper compared the Indian and
American patient groups and described the ILPD as released to
the public, with 416 liver patients and 167 patients without liver
disease [34, 36].

Since then the dataset has served as a standard benchmark.
Auxilia compared several machine learning techniques for
predicting liver disease in Indian patients [2]. Singh, Bagga and
Kaur combined feature selection methods with several classifiers
in a software based prediction system [39]. Dritsas and Trigka
evaluated a large set of models, including naive Bayes, logistic
regression, SVM, decision trees, random forest, rotation forest,
boosting, stacking and voting ensembles [17]. They oversampled
the minority class with SMOTE to obtain 828 balanced instances
and reported, under tenfold cross validation on this balanced set,
an accuracy of 80.1 percent and an AUC of 0.884 for a soft
voting ensemble. Md and colleagues applied iterative
imputation, log transformation, upsampling to 832 records,
several scaling methods and feature selection, and reported a test
accuracy of 91.82 percent for an extra trees classifier [29]. Their
description does not make clear whether upsampling and feature
selection were fitted on the training data alone.

These studies show steady interest in the task, but they also show
why results are hard to compare. They use different
preprocessing steps, different splits and different metrics, mostly
accuracy, which is misleading when about 71 percent of patients
belong to one class. When resampling is applied before the data
are divided, copies or interpolations of test patients enter the
training data, and reported performance rises without any real
gain in predictive ability.

2.2 Data leakage and model evaluation

Kaufman and colleagues defined leakage as the use of
information in model training that would not be available when
the model is used in practice, and showed how it arises in data
mining competitions and applications [24]. Kapoor and
Narayanan reviewed published machine learning based science
across many fields and found leakage to be a leading cause of
irreproducible  results [23]. Their taxonomy includes
preprocessing on the full dataset, duplicates across training and
test data, and feature selection outside the validation loop, all of
which are common in ILPD studies.

A second problem is model selection bias. When
hyperparameters are tuned and performance is reported on the
same folds, the estimate is optimistic. Varma and Simon showed
that this bias can be large for small samples and recommended
nested cross validation, where an inner loop selects the model
and an outer loop measures it [42]. Cawley and Talbot reached
the same conclusion and showed that the selection bias can be as
large as the differences between learning algorithms [6].

Statistical comparison of classifiers needs care as well.
Dietterich showed that the standard paired t test on resampled
data has a high type I error and recommended McNemar’s test or
a five by two cross validated test [16, 28]. Nadeau and Bengio
corrected the variance of the resampled t test for the overlap
between training sets [30]. For AUC, the DeLong test compares
correlated ROC curves without distributional assumptions [13],
and Sun and Xu gave a fast algorithm for it [41]. Demsar
reviewed tests for comparing classifiers and stressed correction
for multiple comparisons [14], for which the Holm procedure is
a standard choice [22].

2.3 Class imbalance and clinical metrics

He and Garcia surveyed methods for learning from imbalanced
data, including random oversampling, undersampling and cost
sensitive learning [20]. SMOTE creates synthetic minority
samples by interpolation between neighbours [7]. With
imbalanced classes, accuracy and the ROC curve can hide poor
detection of the minority class. Saito and Rehmsmeier argued
that the precision recall plot is more informative in this setting
[38], and Chicco and Jurman showed that the Matthews
correlation coefficient (MCC) gives a more truthful single
number than accuracy or F1 [9]. For clinical prediction models,
calibration matters as much as discrimination, since predicted
risks guide decisions [5], and the Brier score combines both
aspects [4]. The TRIPOD statement sets out what a report of a
prediction model should contain [11].

A broad systematic review by Christodoulou and colleagues
covered 71 studies and found no performance benefit of machine
learning over logistic regression for clinical prediction models,
while noting weak methodology in many comparisons [10]. This
finding is relevant to ILPD, where complex ensembles are often
reported as best without a fair comparison to a regularised linear
model.

2.4 Interpretability and fairness in medical
prediction

Clinical users need to know why a model flags a patient.
Permutation importance measures the loss in performance when
a feature is shuffled [3, 19], and SHAP values attribute each
prediction to the input features using Shapley values from game
theory [26]. Rudin argued that for high stakes decisions an
interpretable model should be preferred when it performs as well
as a black box model [37].

Fairness is a related concern. Obermeyer and colleagues showed
that a widely used health algorithm underestimated the needs of
Black patients [31]. For liver disease, Straw and Wu analysed
ILPD by sex and found that female patients had a higher false
negative rate across all four classifiers they tested, with gaps of
about 24 percentage points for logistic regression and 21 points
for random forest [40]. Feature selection did not remove the
disparity. Their work is one of the few that look beyond overall
accuracy on this dataset.

2.5 Benchmark quality and research gap

Benchmark datasets can carry hidden problems. McDermott and
Forsyth showed that most papers using the BUPA liver disorders
data treat an unsuitable field as the diagnosis label [27].
Hoffmann and colleagues used a hepatitis C laboratory dataset to
build diagnostic pathways with machine learning [21], and this
dataset offers a second source of liver test data with confirmed
diagnoses.

From this review we identify a gap. Few ILPD studies remove
duplicate records, confine all preprocessing and resampling to
training folds, use nested cross validation, report confidence
intervals and formal tests, and examine calibration, thresholds
and sex specific performance together. The present study
addresses these points in one reproducible pipeline.



3 Materials and Methods

3.1 Data

The ILPD contains 583 records with ten input attributes and a
binary label [34]. The inputs are age, sex, total bilirubin, direct
bilirubin, alkaline phosphatase (ALP), alanine aminotransferase
(ALT), aspartate aminotransferase (AST), total proteins, albumin
and the albumin to globulin (A/G) ratio. The label marks patients
with liver disease (416 records) and without liver disease (167
records). Table 1 summarises the attributes. Four values of the
A/G ratio are missing.

We found 13 exact duplicate rows and removed them, which left
570 patients: 406 with liver disease and 164 without, a
prevalence of 71.2 percent. Of these, 430 were male and 140
female, and the prevalence of disease was 73 percent among men
and 65 percent among women (Figure 1). Removing duplicates
matters because identical records may otherwise fall into both
training and test folds.

Table 1. Attributes of the ILPD (all 583 records before duplicate
removal; values as recorded in the source data)

Attribute Mean (SD) Median Range
Age (years) 44.75 (16.19) 45.0 41090
Total bilirubin 3.30 (6.21) 1.0 0.4 to 75.0
Direct bilirubin 1.49 (2.81) 0.3 0.1t0 19.7
Alkaline 290.58 (242.94) 208 63 t0 2110
phosphatase
Alanine 80.71 (182.62) 35 10 to 2000
aminotransferase
Aspartate 109.91 (288.92) 42 10 to 4929
aminotransferase
Total proteins 6.48 (1.09) 6.6 2.71t09.6
Albumin 3.14 (0.80) 3.1 09t05.5
A/G ratio (4 0.95 (0.32) 0.93 03t02.8
missing)
Sex 441 male (75.6%), 142 female
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Figure 1. Class balance of the 570 unique ILPD patients overall and
by sex.

The enzyme and bilirubin values are strongly right skewed, with
maxima tens of times larger than the medians. Figure 2 shows
the Spearman correlations. Total and direct bilirubin are almost
perfectly correlated, ALT and AST correlate at 0.8, and total
proteins, albumin and the A/G ratio form a second correlated
group. The two groups are only weakly related, which suggests
that the data hold two broad signals: hepatocellular injury and
cholestasis on one side, and synthetic function on the other.
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Figure 2. Spearman correlation between ILPD attributes.

For the cross dataset check we used the hepatitis C dataset of
Hoffmann and colleagues [21], obtained from Kaggle. It
contains 615 records with age, sex and ten laboratory values
(albumin, ALP, ALT, AST, bilirubin, cholinesterase, cholesterol,
creatinine, gamma glutamyl transferase and protein). We
removed seven records labelled as suspect blood donors and
defined the positive class as hepatitis, fibrosis or cirrhosis. This
left 608 records with 75 positives. No duplicates were found.

3.2 Preprocessing inside the training folds

All data dependent steps were placed in one pipeline that is fitted
on training data only and then applied unchanged to the
matching test data. The pipeline has four steps. Missing values
are replaced with the median of the training fold. Every feature
is transformed with log(l + x) to reduce skew, after clipping
negative values at zero. Features are standardised to zero mean
and unit variance using training fold statistics. Finally, the
minority class in the training fold is randomly oversampled with
replacement until both classes are the same size. Sex is coded as
one for male and zero for female.

Because the pipeline is refitted for every inner and outer training
fold, no test patient influences imputation values, scaling
constants or resampled records. This removes the forms of
leakage described in Section 2.2.

33 Classifiers and hyperparameter search

We compared five classifiers implemented in scikit learn [32]
and the XGBoost library [8]. The SVM uses a radial basis
function kernel [12], with probability estimates obtained by Platt
scaling [33]. Logistic regression uses L2 regularisation. The
random forest has 300 trees [3]. XGBoost uses 200 boosted trees
with row and column subsampling of 0.8. The kNN classifier
uses Euclidean distance on the standardised features. Table 2
lists the search grids. Every grid was searched exhaustively in
the inner loop with ROC AUC as the selection criterion.

Table 2. Hyperparameter grids searched in the inner loop

Model Grid

SVM Ce {0.1, 1, 10, 100}, y € {scale, 0.01, 0.05, 0.1}
Logistic regression C € {0.01,0.1, 1, 10}

max depth € {none, 4, 8}, min leaf € {1, 5},
max features € {\p, 0.5}

Random forest

XGBoost max depth € {2, 3, 4}, learning rate € {0.03, 0.1},
min child weight € {1, 5}

kNN k € {5, 11, 21, 31}, weights € {uniform, distance}

34 Nested repeated cross validation

Performance was estimated with nested cross validation [6, 42].
The outer loop is stratified fivefold cross validation repeated
three times with different shuffles, which gives 15 outer test
folds of about 114 patients each. Inside each outer training set, a



stratified fivefold inner loop selects hyperparameters. The
selected configuration is refitted on the whole outer training set
and scored once on the outer test fold. Hyperparameters were
therefore never chosen with the help of the data on which they
were scored. All random processes used a fixed seed of 42.

35 Metrics and statistical analysis

On each outer test fold we computed ROC AUC, the area under
the precision recall curve (PR AUC), balanced accuracy,
accuracy, sensitivity, specificity, precision, F1, MCC and the
Brier score, with a default threshold of 0.5 for the threshold
based metrics. We report the mean over the 15 folds with a 95
percent confidence interval based on the variance correction of
Nadeau and Bengio [30], which accounts for the overlap
between training sets in repeated cross validation. Intervals are
truncated at 1.0 where the correction exceeds the range of a
metric.

The SVM was taken as the reference model, since it was the
starting point of the study. It was compared with each other
model in three ways: the corrected resampled t test on the 15
paired fold AUCs [30]; the DeLong test on pooled out of fold
predictions from the first repeat [13, 41]; and the exact
McNemar test on the pooled predicted labels at a threshold of
0.5 [16, 28]. Each family of p values was adjusted with the Holm
procedure [22].

3.6 Imbalance ablation, thresholds, calibration and
subgroups

To measure the effect of imbalance handling, the SVM was
evaluated under the same nested design with four strategies: no
correction, class weights inversely proportional to class
frequency, random oversampling and SMOTE [7]. For the SVM
we examined operating points between thresholds of 0.27 and
0.70 on the pooled out of fold predictions, including the
threshold that maximises the Youden index [43] and the lowest
threshold that keeps sensitivity at or above 0.90. Calibration was

assessed with reliability curves over eight quantile bins and with
the Brier score [5]. For each model and each sex we computed
ROC AUC, sensitivity and specificity on the pooled out of fold
predictions, with 95 percent bootstrap intervals from 1,000
resamples [18].

3.7 Interpretation, external data and deployment

Permutation importance was computed on each held out fold of
the first repeat as the mean drop in ROC AUC over ten shuftles
of each feature [19]. This measures importance on data the
model did not see. SHAP values [26] were computed for a final
SVM tuned on all 570 patients, using the kernel explainer with a
background of 20 k means centroids, applied to 150 randomly
selected patients.

On the hepatitis C data we ran the same five pipelines with two
repeats of fivefold nested cross validation. Finally, the tuned
SVM pipeline was saved and timed on four CPU cores: single
patient latency over 300 calls after a warm up, and the time to
score a batch of 1,000 patients. The experiments ran in Python
3.13.16 with scikit learn 1.6.1, NumPy 2.1.3 and pandas 2.3.3 on
a Kaggle notebook, and the full run took 10.6 minutes.

4 Results

4.1 Discrimination and overall performance

Table 3 gives the nested cross validation results on ILPD. All
five classifiers fall in a narrow band of ROC AUC between
0.723 and 0.754. Logistic regression has the highest mean ROC
AUC (0.754), PR AUC (0.894), balanced accuracy (0.701),
specificity (0.803) and MCC (0.366). The SVM follows with a
ROC AUC of 0.741 and the widest interval of the five. Random
forest and XGBoost give slightly higher sensitivity and F1 than
the SVM but lower specificity, and kNN is lowest on most
measures. Every PR AUC is well above the prevalence baseline
of 0.71, so all models carry real signal, but none separates the
classes well.

Table 3. Nested cross validation results on ILPD (570 patients). Each cell shows the mean over 15 outer folds with the 95% corrected
confidence interval below it. Threshold based metrics use a threshold of 0.5. Lower Brier scores are better.

Model ROC AUC PR AUC Bal. acc. Accuracy  Sensitivity  Specificity Precision F1 MCC Brier
SVM 0.741 0.885 0.690 0.655 0.608 0.772 0.870 0.714 0.346 0.207

(0.683, 0.800) (0.854,0.916) (0.644, 0.736) (0.610, 0.700) (0.541, 0.674) (0.678, 0.866) (0.825,0.916)  (0.667,0.761) (0.262, 0.429) (0.187,0.227)
Logistic 0.754 0.894 0.701 0.657 0.599 0.803 0.885 0.712 0.366 0.203
regression (0.717, 0.790) (0.878,0.910) (0.667, 0.735) (0.613, 0.702) (0.521, 0.676) (0.720, 0.886) (0.848,0.922)  (0.659, 0.764) (0.304, 0.428) (0.191,0.216)
Random 0.727 0.883 0.668 0.656 0.640 0.695 0.848 0.724 0.308 0.201
forest (0.684, 0.769) (0.863, 0.902) (0.600, 0.735) (0.618, 0.693) (0.545,0.734) (0.493, 0.898) (0.777,0.918)  (0.678, 0.769) (0.188, 0.428) (0.189,0.213)
XGBoost 0.726 0.876 0.665 0.658 0.648 0.683 0.838 0.729 0.303 0.204

(0.681,0.770)  (0.856,0.896)  (0.607,0.724)  (0.615,0.701)  (0.588,0.708)  (0.553,0.813)  (0.784,0.892)  (0.689,0.768)  (0.196,0.409)  (0.189,0.218)
kNN 0.723 0.876 0.671 0.623 0.557 0.784 0.867 0.676 0.312 0.225

(0.679, 0.767) (0.850, 0.903) (0.633, 0.709) (0.577, 0.669)

(0.482, 0.633)

(0.703,0.866)  (0.828,0.905)  (0.622,0.730)  (0.243,0.382)  (0.203,0.246)

Figure 3 shows the mean ROC and precision recall curves over
the outer folds. The curves overlap across most of their range,
and the shaded band around the SVM curve covers the other

ROC (mean over outer folds)

models. The ROC curves rise steeply at low false positive rates,
so the models identify a subset of clearly abnormal patients with
few false alarms, and then flatten.
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Figure 3. Mean ROC curves (left) and precision recall curves (right) over the 15 outer folds. The shaded band shows one standard deviation
around the SVM curve. The dotted line on the right marks the prevalence of 0.71.



Figure 4 plots the main metrics with their corrected confidence
intervals. The intervals overlap for every metric and every pair
of models. The largest contrast is in the balance between
sensitivity and specificity. The tree ensembles detect more

patients with disease at a threshold of 0.5 but raise more false
alarms, while logistic regression, the SVM and kNN are more
conservative.

ROC-AUC Balanced Acc. Sensitivity Specificity F1 MCC
SVM H ———m§—— - b ——t - ] - —— - i — b
LR + —— = —i— 4 +—8— 4 —— . —— - —i—
RF o F——a——i  — A ———— B ] = ———h———— - . R
XGBoost -1 1 -1 -1 -1
kNN - i - = s 4 4 =
T T T T T T T T T T T T T T T T T
0.70 0.75 0.80 0.60 065 0.70 0.5 0.6 0.7 0.6 0.8 0.65 0.70 0.75 0.2 0.3 0.4

Figure 4. Mean performance with 95% corrected confidence intervals over 15 outer folds.

The hyperparameters chosen by the inner loop point the same
way. The SVM chose y=0.01, a smooth decision boundary, in
11 of 15 outer folds, and logistic regression most often chose the
strongest regularisation (C = 0.01, 7 of 15). Random forest chose
a maximum depth of 4 in 11 folds, XGBoost chose a learning
rate of 0.03 in 14 folds and a depth of 2 in 13 folds, and kNN
chose k=31 in 10 folds. In every family the search preferred
simple models, which suggests that the data hold limited
structure beyond what a smooth or nearly linear boundary can
capture.

4.2 Statistical comparison

Table 4 reports the tests against the SVM. The corrected
resampled t test found no difference in fold AUC for any pair
(all unadjusted p values above 0.46). The DeLong test on the
pooled predictions of the first repeat found the SVM ahead of
XGBoost (adjusted p=0.010) and close to the threshold of
significance against random forest (adjusted p =0.054). The
McNemar test found no difference in error patterns after
adjustment. The DeLong test treats one set of predictions as
fixed and ignores the variation that comes from retraining on
different folds, so it tends to be more liberal than the corrected t
test. Taking the three tests together, we find no reliable
difference among the classifiers, and we found none in favour of
the SVM over logistic regression.

Table 4. SVM against each other model. A is SVM minus the other
model. t: corrected resampled t test on 15 fold AUCs. DeLong and
McNemar: pooled out of fold predictions of the first repeat. All p
values are Holm adjusted; b/c counts patients classified correctly by
only the SVM or only the other model.

Comparison  AAUC p(t) AAUC p blc p
(folds) (pooled) (DeLong) (McNemar
)
SVM vs LR —0.012 1.000 0.014 0.175 19/12 0.562
SVM vs RF 0.015 1.000 0.027 0.054 26/22 0.665
SVM vs XG 0.016 1.000 0.038 0.010 45/31 0.406
Boost
SVM vs kNN 0.018 1.000 0.014 0.372 49/28 0.088
4.3 Effect of class imbalance handling

Table 5 shows the SVM under four imbalance strategies.
Without correction, the SVM labels almost every patient as
diseased: sensitivity is 0.965 but specificity is only 0.091,
balanced accuracy is close to chance at 0.528, and the ROC
AUC drops to 0.690. Class weights restore the ranking ability
(AUC 0.754) but leave the default threshold badly placed, with a
specificity of 0.238. Random oversampling and SMOTE give
almost the same results, with balanced accuracy near 0.69 and
MCC near 0.35. The gain from adding any imbalance correction

(about 0.05 to 0.06 in AUC) is larger than the spread between
the five classifiers in Table 3 (0.031).
Table 5. SVM with four class imbalance strategies under the same

nested design (mean with 95% corrected CI; upper limits truncated
at 1.0)

Strategy ROC AUC  Bal. acc. Sensitivity Specificity MCC
None 0.690 0.528 0.965 0.091 0.124

(0.643,0.737) (0.498,0.558) (0.924,1.000) (0.008,0.174) (0.021,0.227)
Class weight 0.754 0.577 0.916 0.238 0.213

(0.716,0.791) (0.540,0.614) (0.866,0.967) (0.150,0.326) (0.126,0.300)
Oversamplin 0.741 0.690 0.608 0.772 0.346
g (0.683,0.800) (0.644,0.736) (0.541,0.674) (0.678,0.866) (0.262,0.429)
SMOTE 0.753 0.695 0.613 0.776 0.354

(0.717,0.789) (0.659,0.731) (0.554,0.673) (0.693,0.860) (0.288, 0.420)
4.4 Operating thresholds and calibration

At the default threshold the SVM misses many patients with
disease. The pooled confusion matrix in Figure 5 shows 156
false negatives among 406 patients with liver disease, a
sensitivity of 0.616, against 34 false positives among 164
patients without disease. The threshold that maximises the
Youden index is 0.531, almost the same as the default, and gives
a similar matrix.

SVM, threshold 0.50 SVM, Youden 0.53

Disease Disease

Actual

No dis. No dis.

No dis.

Disease No dis.
Predicted

Disease
Predicted

Figure S. Pooled out of fold confusion matrices of the SVM for the
first repeat at the default threshold and at the Youden threshold.

Table 6 and Figure 6 show the trade off across thresholds. To
reach a sensitivity of 0.90, which would suit a screening setting,
the threshold must fall to 0.273. Specificity then drops to 0.232,
so about three in four patients without disease would be flagged.
At a threshold of 0.40, sensitivity is 0.702 and specificity 0.640,
a more balanced compromise. These thresholds were chosen on
the same predictions on which they are reported, so the values in
Table 6 are slightly optimistic and would need confirmation on
new data.

Table 6. SVM operating points on pooled out of fold predictions (570
patients, first repeat)

Threshold TP FP FN TN Sens. Spec. PPV NPV




Threshold TP FP FN TN Sens. Spec. PPV NPV
0.273 (sens.> 367 126 39 38 0904 0232 0.744 0.49%4
0.90)
0.300 354 111 52 53 0.872 0323 0.761 0.505
0.400 285 59 121 105 0.702 0.640 0.828 0.465
0.500 250 34 156 130 0.616 0.793 0.880 0.455
(default)
0.531 244 29 162 135 0.601 0.823 0.894 0.455
(Youden)
0.600 217 21 189 143 0534 0872 0912 0431
0.700 180 14 226 150 0443 0915 0928 0.399
SVM threshold trade-off
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Figure 6. Sensitivity, specificity and F1 of the SVM as the decision
threshold changes. The dotted line marks the Youden threshold.

Figure 7 shows that all models are poorly calibrated in the same
direction. The observed rate of disease lies above the predicted
probability in almost every bin. For example, patients given a
predicted probability near 0.3 have an observed disease rate near
0.5. This is the expected result of training on data balanced to a
50 percent prevalence while the true prevalence is 71 percent.
The ranking of patients is unaffected, but the raw probabilities
should not be read as risks without recalibration to the target

Calibration (out-of-fold)
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Figure 7. Calibration of out of fold predicted probabilities (first
repeat, eight quantile bins).

4.5 Performance by sex

Table 7 and Figure 8 compare male and female patients. Every
model discriminates less well for women. For the SVM, the
ROC AUC is 0.785 for men and 0.629 for women, and the
bootstrap intervals barely touch. Sensitivity for women is 0.418
against 0.673 for men, so the SVM misses more than half of the
female patients with liver disease at the default threshold, while
its specificity for women is higher (0.898). The same pattern
holds for all five classifiers, with female ROC AUC between
0.586 and 0.630 and female sensitivity between 0.352 and 0.462.
The female subgroup is small (140 patients, 91 with disease), so
its intervals are wide, but the direction of the gap is consistent
across models.

Table 7. Performance by sex on pooled out of fold predictions (first
repeat) with 95% bootstrap intervals. Men: n = 430, prevalence 0.73.
Women: n =140, prevalence 0.65.

h : . Model Sex ROC AUC Sensitivity Specificity
population. The Brier scores lie between 0.20 and 0.23 for all SVM Male 0785 0673 0748
models. (0.737, 0.831) (0.621, 0.723) (0.664, 0.825)

Female 0.629 0.418 0.898
(0.539,0.717) (0.316,0.525) (0.809, 0.967)
LR Male 0.764 0.644 0.757
(0.710, 0.810) (0.595,0.697) (0.677,0.833)
Female 0.630 0.451 0.857
(0.543,0.721) (0.351,0.554) (0.762, 0.951)
RF Male 0.758 0.686 0.713
(0.710, 0.809) (0.635,0.736) (0.626, 0.795)
Female 0.586 0.418 0.816
(0.492, 0.690) (0.313,0.529) (0.705, 0.920)
XGBoost Male 0.746 0.698 0.643
(0.696, 0.795) (0.643,0.749) (0.557,0.727)
Female 0.591 0.462 0.612
(0.500, 0.682) (0.362,0.563) (0.468, 0.761)
kNN Male 0.768 0.625 0.783
(0.723,0.816) (0.575, 0.678) (0.704, 0.854)
Female 0.611 0.352 0.816
(0.512, 0.702) (0.253, 0.451) (0.698, 0.923)
W Male W Female
ROC-AUC Sensitivity Specificity
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Figure 8. ROC AUC, sensitivity and specificity by sex with 95% bootstrap intervals.



4.6 Feature importance and explanations

Figure 9 gives permutation importance measured on held out
folds. For the SVM, shuffling ALT causes the largest drop in
AUC (0.027), followed by direct bilirubin, AST, age and ALP.
Total bilirubin adds little once direct bilirubin is present, which
fits their near perfect correlation. Total proteins, the A/G ratio

SVM permutation importance

Alamine Aminotransferase
Direct Bilirubin o

Aspartate Aminotransferase —
Age -

Alkaline Phosphotase -

Total Bilirubin

Albumin o

Albumin and Globulin Ratio o
Total Protiens -

Gender o

T T T
0.00 0.02 0.04
Mean drop in ROC-AUC

Alamine Aminotransferase

and sex have importance close to zero. The other models agree
on the leading group, although logistic regression gives more
weight to direct bilirubin (0.057) and albumin (0.039). Sex has
importance close to zero for every model (at most 0.009), so the
lower performance for women is not caused by the models
relying on the sex variable itself.

All models (held-out folds)
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Direct Bilirubin < 0.021 0.057 0 0.05
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Figure 9. Permutation importance (mean drop in ROC AUC) on held out folds. Left: SVM with one standard deviation across folds. Right: all
models.

The SHAP summary for the final SVM in Figure 10 shows the
direction of each effect. High values of ALT, direct and total
bilirubin, ALP and AST push predictions towards disease, and
low values push them away. Older age raises the predicted
probability. Low albumin and a low A/G ratio raise it as well,
which matches reduced hepatic synthetic function. These
directions agree with how clinicians read liver function tests
[25], which supports the face validity of the model.
SHAP values, final SVM

High
Alamine Aminotransferase
Direct Bilirubin
Total Bilirubin
Alkaline Phosphotase
Aspartate Aminotransferase

Age L
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Albumin
Albumin and Globulin Ratio
Total Protiens
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-0.15 0.00 0.15
SHAP value (impact on model output)

Figure 10. SHAP values for the final SVM on 150 patients. Each
point is one patient; colour shows the feature value.

4.7 Cross dataset check and inference cost

Table 8 compares ROC AUC on ILPD and on the hepatitis C
data. On the hepatitis C data, every model reaches an AUC
between 0.978 and 0.990, with XGBoost highest. The same
pipelines that reach only about 0.74 on ILPD perform very well
on a dataset where the positive class has confirmed hepatitis,
fibrosis or cirrhosis and the negative class consists of blood
donors. This contrast suggests that the modest ILPD results
come mainly from the dataset and its labels and not from a
weakness of the pipeline.

Table 8. ROC AUC by dataset (mean with 95% corrected CI; upper

limits truncated at 1.0). ILPD: 15 outer folds. Hepatitis C: 10 outer
folds.

Model ILPD (n=570) Hepatitis C (n = 608)
Logistic regression 0.754 0.983
(0.717, 0.790) (0.952, 1.000)
Random forest 0.727 0.988
(0.684, 0.769) (0.962, 1.000)
XGBoost 0.726 0.990
(0.681, 0.770) (0.967, 1.000)
kNN 0.723 0.978
(0.679,0.767) (0.933, 1.000)

The final SVM pipeline, tuned on all 570 patients, selected C = 1
and y=0.01 with an inner cross validation AUC of 0.752.
Table 9 shows its cost. Scoring one patient, including
imputation, transformation and scaling, takes a median of 1.59
ms, and a batch of 1,000 patients takes 26.3 ms, about 38,000
patients per second. The saved model occupies 57.1 KB. A
pipeline of this size can run on a basic clinic computer or a low
cost server without special hardware.

Table 9. Inference cost of the final SVM pipeline (Kaggle notebook,
4 CPU cores)

Model ILPD (n =570) Hepatitis C (n = 608)

SVM 0.741 0.984
(0.683, 0.800) (0.958, 1.000)

Measure Value
Single patient latency, median 1.59 ms
Single patient latency, 95th percentile 1.80 ms
Batch of 1,000 patients 26.3 ms
Throughput 37,976 patients/s
Serialised model size 57.1 KB
Support vectors 548
5 Discussion

5.1 Evaluation design changes the conclusion

The most important result of this study is the gap between the
preliminary single split estimate (AUC 0.806, accuracy 0.735)
and the nested estimate (AUC 0.741). Both use the same
algorithm and the same data. The difference comes from retained
duplicates, oversampled records shared across the tuning folds,
and the chance variation of a single split of 117 patients. The
corrected interval of the SVM spans 0.683 to 0.800, so a single
split can land almost anywhere in that range. Studies that report
one split, or that balance the data before dividing it [17, 29],
cannot be compared directly with leakage free estimates, and
their figures should be read as upper bounds. This agrees with
the wider findings of Kapoor and Narayanan [23] and with the
selection bias described by Varma and Simon [42] and Cawley
and Talbot [6].



5.2 Simple models are enough on this task

Logistic regression matched or beat the SVM, random forest,
XGBoost and kNN on every ranking metric, and no classifier
was reliably better than another. The inner search also favoured
smooth and shallow models. This matches the systematic review
of Christodoulou and colleagues, who found no benefit of
machine learning over logistic regression in clinical prediction
[10]. For ILPD, a regularised logistic regression is therefore a
strong default. It is also easier to inspect and to explain to
clinicians, which supports the case made by Rudin for
interpretable models in high stakes settings [37]. We kept the
SVM as the reference because the study began with it, but our
results do not support choosing it over logistic regression for
clinical use.

53 Imbalance handling and thresholds are clinical
decisions

Imbalance handling changed the SVM AUC by up to 0.064,
which is twice the spread between classifiers. Without correction
the SVM became almost useless at the default threshold. With
class weights the ranking recovered but the default threshold
remained poorly placed. These results show that the threshold
must be chosen as part of the design, using the cost of a missed
diagnosis against the cost of a false referral. For a screening tool,
sensitivity is usually the priority, but on ILPD a sensitivity of
0.90 costs a specificity of only 0.23. In practice the model would
then act mainly as a rule out tool for patients with clearly normal
results, not as a diagnostic test. The poor calibration in Figure 7
adds a further caution: predicted probabilities from a model
trained on balanced data should be recalibrated to local
prevalence before they are shown as risks [5].

5.4 Lower performance for women

All five models performed worse for women, with female
sensitivity between 0.35 and 0.46. This confirms, under a
leakage free design and with confidence intervals, the sex
disparity reported by Straw and Wu [40]. Since the sex variable
itself had no importance, the gap more likely reflects differences
in how disease presents in laboratory values, the smaller number
of female patients in training, and possibly different referral
patterns in the source hospitals. A model deployed without
checking this would miss more liver disease in women.
Reporting performance by sex, and setting thresholds or training
data so that sensitivity is acceptable in both groups, should be
part of any validation of such tools [11, 31].

5.5 Why ILPD is hard

The near perfect results on the hepatitis C data show that the
pipeline can learn a strong signal when one exists. ILPD differs
in several ways. Its negative class consists of hospital patients
who were judged not to have liver disease, not healthy donors, so
many of them may have abnormal values for other reasons. It
lacks markers such as gamma glutamyl transferase and
cholinesterase that are present in the hepatitis C data. Its labels
come from a single regional source with no published diagnostic
criteria. Together these factors likely set a ceiling on what any
model can reach from these ten attributes, and they suggest that
further gains will come from better data rather than from more
complex algorithms. The hepatitis C task is also easier by
design, since it compares established disease with healthy
donors, so its results show that the pipeline works and do not by
themselves show that it generalises.

5.6 Limitations

This study has several limitations. All ILPD data come from one
region of India, and we had no independent test set from another
hospital for the same task. The hepatitis C data test a related but
different problem. The operating points in Table 6 were selected
on the same out of fold predictions they describe. The DeLong
and McNemar tests and the subgroup analysis used the first

repeat only. The female subgroup is small, so its intervals are
wide. SVM probabilities rely on Platt scaling within each
training set, which adds noise for small samples. Finally, we did
not study clinical outcomes or how clinicians would act on the
predictions, which would be needed before any deployment.

6 Conclusion

This paper evaluated five machine learning classifiers for liver
disease prediction on the Indian Liver Patient Dataset with a
design that removes duplicate records, fits all preprocessing and
resampling inside training folds, and uses nested repeated cross
validation with corrected confidence intervals and formal tests.
Under this design, all classifiers reached a ROC AUC between
0.72 and 0.75. Logistic regression performed best on most
metrics, and no classifier was reliably better than the others. A
single split estimate for the same SVM was about 0.065 higher,
which shows how much weak evaluation inflates reported
results. Imbalance handling and threshold choice affected
clinical usefulness more than the choice of algorithm, predicted
probabilities needed recalibration, and every model detected
disease less well in women. The predictions relied on ALT,
bilirubin, AST, ALP, age and albumin in directions that agree
with clinical knowledge, and the final pipeline is small and fast
enough for routine use.

Future work should validate these models on liver test data from
other regions, including Nigerian hospitals, add markers such as
gamma glutamyl transferase, study threshold setting that keeps
sensitivity acceptable for both sexes, and test whether such a tool
changes referral decisions in practice. We recommend that future
ILPD studies report leakage free nested estimates with
confidence intervals and results by sex, so that their findings can
be compared and trusted.

Data and Code Availability

The ILPD is available from the UCI Machine Learning
Repository [34] and Kaggle, and the hepatitis C data are
available on Kaggle. The complete experiment, including all
figures and tables in this paper, is produced by a single Python
script that runs in one Kaggle notebook cell with a fixed random
seed.
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