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ABSTRACT

Accurate molecular taste prediction is important for the development of drugs and the support of research
in food science. Despite increasing use of machine learning to predict the taste of molecules, little
attention has been paid to determining when those predictions should be trusted. We built and compared a
machine learning model on a dataset of molecular fingerprints from FlavorDB against a baseline model,
and then evaluated its ability to identify the taste of a molecule from molecular properties using
performance metrics. The fingerprint-based model achieved the strongest performance with a macro-F1
score of 0.83, but the reliability varied between taste classes, with weaker performance in
underrepresented tastes and in molecules that were less similar to those in the training data.

These findings indicate that machine learning can predict taste from molecular structure, but that
performance metrics alone are insufficient for judging prediction reliability because reliability varies
across taste classes, dataset balance, and a molecule’s similarity to the training data.

INTRODUCTION

The ability to accurately predict taste is crucial in pharmaceutical development because of the influence
taste plays on the willingness for patients to consume different medicines. Being able to predict taste
based on molecular structure allows researchers to develop new medicines more efficiently and reduce the
need for extensive trial and error formulating. In food science, accurate taste predictability can aid in the
creation of food alternatives such as sweeteners or meat. Linking the relationship between molecular
characteristics and perceived taste allows for the replication of desirable flavors while decreasing negative
health impacts associated with red meat or excess sugar consumption.

Machine learning models are becoming increasingly more capable at predicting taste from molecular
properties. Current models such as random forest [1] are applicable for predicting taste when paired with a
large database of molecular fingerprints, however; current research [12, 14] primarily states an accuracy
of the model and does not emphasize the nuances of when a taste prediction should or should not be
considered reliable. One accuracy number is not enough to dictate the trustworthiness of a prediction due
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to variability in data bias and leakage. In this study, a trustworthy prediction is not just a high accuracy
value but a prediction that remains reliable across taste classes and experimental molecules.

This paper investigates when a fingerprint-based taste prediction can be trusted, and when a reader should
be cautious.

PRIOR WORK

FlavorDB2 [3] is a curated database where researchers developed an in-depth repository containing
25,595 flavor molecules which are used as a standard platform for research within the food science and
fragrance industries. The database categorizes molecules into taste classes such as “sweet” or “bitter”;
however, it does not act as a taste predictor for new or experimental molecules; it simply is a catalog of
current molecules. One nuance of the FlavorDB2 catalog is its skewed set of molecules falling mostly
under the sweet class while holding little molecules under umami. Because FlavorDB?2 is a large portion
of the primary dataset, the class imbalances are inherited by the predictive model which may bias the
model’s accuracy toward common molecules when compared to more rare taste classes.

Building on datasets such as FlavorDB [2], Bittersweet: Building machine learning models for predicting
the bitter and sweet taste of small molecules [12] established the largest dataset of taste verified
compounds and developed a machine learning framework called BitterSweet which utilized both 2D and
3D properties to train random forest, ridge logistic regression, and ADAboost models. Although
Bittersweet demonstrated that machine learning could be used to predict molecule taste, its binary method
of classifying molecules limited its applicability by making more complex molecules harder to classify if
they fall under multiple categories.

Further developments such as A Chemical Language Model for Molecular Taste Prediction [14] presented
the Flavor Analysis and Recognition Transformer (FART) and attempted to remedy the issues found in
Bittersweet by creating a large language model trained on 15,025 compounds to predict the taste of
molecules based on chemical structures derived from SMILES strings. It reached an accuracy of 91
percent and out-performed all previous models in its area; however, the accuracy of the model emphasizes
performance metrics rather than examining how reliability varied across different identifiers.

METHODS

This project evaluated the reliability and shortcomings of a machine learning model designed to predict
the taste labels (sweet, bitter, sour, umami) of molecules, using a dataset derived from FlavorDB. The goal
was to identify which characteristics played the largest role in determining a taste label, and to test
whether a random forest classifier could improve on a baseline model that always predicts sweet, since
sweet molecules make up the majority of the dataset.

The dataset was composed of molecules represented by SMILES strings [13]. Each row represented a
single molecule and included the SMILES string, the taste label, and the source column. SMILES strings
and taste labels were the primary columns used.
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Before modeling, an exploratory data analysis was run to find missing values and duplicate molecules. No
missing values were found. There were 402 duplicate molecules, which were flagged and removed to
prevent data leakage between the training and test sets, since leakage inflates accuracy beyond what the
model would reach in practice [6]. After cleaning the initial data set of 25,595 molecules by filtering out
duplicate molecules, the data set contained 14,563 unique molecules.

Table 1. Taste-class distribution of the cleaned dataset before modeling

Taste label Number of molecules Percentage
Sweet 9,462 64.97%
Bitter 1,526 10.48%
Sour 1,535 10.54%
Umami 56 0.38%
Undefined / other 1,984 13.62%
Total 14,563 100.00%

The model cannot process SMILES strings in their raw form, because they are text. Each molecule was
converted into a Morgan fingerprint [8, 10], a numerical representation the model can read. The RDKit
library was used for this conversion.

Using a random train/test split of 0.30 with a fixed random seed of 42, the cleaned dataset of 14,563
unique molecules was divided into 10,194 training molecules and 4,369 test molecules. The training set
was used to fit the model, and the test set was held out for evaluation.

Because the train/test split was random, chemically similar molecules may have been placed in both sets.
This can make performance appear stronger than it would be on unique molecules. To address this, a
Tanimoto similarity analysis was performed on each test molecule and its nearest training molecule. For
future work, scaffold-based or cluster-based splitting could be used to reduce chemical similarity in the
training and test sets which would provide a more accurate assessment of the model.

To examine the effect of duplicate leakage, a controlled test was done using the same test set with and
without duplicate molecules. The model was analyzed on the clean set of data then on the same set with
duplicate molecules added back in. This kept changes to a minimum while evaluating the effect of
duplicate leakage on the model.

Oct 2026
Vol 12. No 5.
Oxford Journal of Student Scholarship
www.oxfordjss.org

140



When Should a Molecular Taste Prediction Be Trusted? Evaluating the Reliability of Fingerprint-Based
Taste Classification

A baseline model that always predicts sweet was used as a point of comparison. The classifier was a
random forest [1] trained on the fingerprint features which builds many decision trees based on a series of
yes/no questions and then predicts a taste class based on the majority vote between the decision trees.

The model was evaluated using accuracy, precision, recall, and macro-F1 [9, 11].

TP, TP, (1)

Precision, = TP A FPy Recall, = (TP +FN)

(Precision * Recall ) 2)

i (Precision + Recall))

where TP, FP;, and FN, are the true positives, false positives, and false negatives for class i. Macro-F1 is
the unweighted mean of the per-class F1 scores across the C = 4 taste classes,

1, & 3)
Macro — F1 = () * X Fll_
i=1

Macro-F1 weights each taste class equally, which matters because the classes are imbalanced [4].
Reliability was checked by examining per-class recall, source patterns, multi-label molecules, a SHAP
analysis [7] on named properties, and an applicability-domain check using Tanimoto similarity to the
training set. Each test molecule was assigned the Tanimoto similarity of its nearest training molecule,
allowing model performance to be evaluated as chemical similarity decreased.

_AnBl _ ¢ “4)

T(A,B) = |[AUB| a+b—c
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where 4 and B are two molecular fingerprints, a and b are the numbers of on-bits in each, and c is the
number of bits they share.

All analyses were performed in Python 3.11.13 using pandas 2.2.3, NumPy 2.0.2 [5], scikit-learn 1.6.1,
RDKit 2025.03.1, SHAP 0.48.0, and Matplotlib 3.10.0 in Google Colab.

RESULTS

The model identified sweet molecules most reliably, with a recall of 0.98, and umami least reliably, with a
recall of 0.45.(Figure 1).

The model reached an accuracy of 0.95 against a baseline of 0.75, and a macro-F1 of 0.83 against baseline
of 0.21 (Figure 2).

The controlled duplicate test decreased macro-F1 by about 0.02 when adding duplicate molecules back
into the test set on the main split and by about an average of 0.016 across multiple random seeds.

Molecular weight ranked as the top named property related to taste (Figure 3).

Macro-F1 fell from 0.96 on the molecules most similar to the training set to 0.71 on the least similar
(Figure 4).

Molecular weight, TPSA, NumHAcceptors, and NumHDonors were strongly correlated, with correlation
values above 0.8 (Figure 5).

Confusion matrix (row-normalized)
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Figure 1: Row-normalized confusion matrix for the random forest taste classifier across the four taste
classes.
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Figure 2: Accuracy and macro-F1 of the random forest compared with the majority-class
baseline.
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Figure 3: Mean absolute SHAP values for the named molecular properties in the side-model, ranking
their average impact on taste prediction.
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Figure 4: Applicability-domain check. Left: accuracy and macro-F1 grouped by Tanimoto similarity to
the nearest training molecule. Right: distribution of test-molecule similarity to the training set.
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Figure 5: Correlation matrix between the named molecular properties.
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DISCUSSION

The model predicted taste from molecular structure with a much higher macro-F1 than the baseline, 0.83
against 0.21 (Figure 2). That gap is clear evidence that molecular structure carries real information about
taste, and that the prediction can be trusted in some cases. The SHAP analysis suggests molecular weight
plays a role in taste (Figure 3), though it ran on the side-model rather than the fingerprint model, so it
points to a likely influence rather than a confirmed one.

The headline number hides an uneven story. Sweet and sour molecules were predicted reliably, while
umami was predicted with much less reliability and was mostly absorbed into sweet (Figure 1). Trust
should follow the taste class, not the overall number. The model beats the baseline, but with real caveats
for the rare classes.

Performance dropped on molecules unlike the training set (Figure 4), so a more novel molecule calls for
more caution. Macro-F1 fell across the similarity groups while accuracy stayed roughly flat, which is
itself a reason to weight macro-F1 over accuracy, since accuracy does not account for the class imbalance.

Reliable taste prediction matters beyond the metrics. In pharmaceuticals, the taste of a medicine affects
whether patients will take it, so a reliable prediction helps researchers formulate medicines that are not
unpleasant. In food science, knowing which molecular features drive taste is useful for designing new
compounds, such as sugar substitutes.

LIMITATIONS

The dataset is mostly sweet molecules, which may bias the model toward predicting sweet. Even when
accuracy is high, the model may not be reliable, so macro-F1 should carry more weight. With more time,
the larger dataset could be broken down by source.

The data came from FlavorDB, which may introduce source bias from similarities among molecules. This
could weaken the model on molecules that do not share those similarities, which the applicability-domain
result hints at (Figure 4).

The SHAP analysis ran on a side-model of named properties, not on the fingerprint model that reached the
best performance. So it may not reflect the fingerprint model’s actual decisions, which adds caution to any
feature-importance claim.

Several named properties were strongly correlated (Figure 5), so the model may lean on fewer
independent signals than it appears to. Rare tastes such as umami have few examples, so the model has
little to learn from, which is why umami predictions suffer and get absorbed into sweet (Figure 1).

After running the controlled duplicate test, it was observed that adding leakage back into a clean test set
only decreased macro-F1 by about 0.02 on the main split and by an average of about 0.016 across
multiple random seeds. The cause of the initial changing performance metric may have been due largely
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to other factors such as the class imbalance changing when removing leakage. By fixing the test set, the
prediction score becomes more trustworthy because the model is evaluated on the same molecules only
with and without duplicates.

CONCLUSION

This study demonstrates that molecular structure can be used to predict the taste of a molecule with a
greater accuracy than a baseline model, but a high-performance metric alone should not be treated as
proof of reliability. The true reliability of a taste prediction relies on taste class, the similarity between
training and test sets as well as the balance of the dataset used to train the model. Models perform well
within common taste labels like sweet but are shown to be less reliable on rare taste labels such as umami
or molecules that fall outside of the applicability domain. These findings highlight the importance of
digging beyond an accuracy measure and why properly evaluating the limitations of a machine learning
prediction is meaningful to society. By highlighting the ideal conditions where taste predictions are the
most trustworthy, this paper provides the framework for using machine learning in medicine development
and food science.
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