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Abstract

Following the rise in popularity of data-centric machine
learning (ML), various data valuation methods have been pro-
posed to quantify the contribution of each datapoint to desired
ML model performance metrics (e.g., accuracy). Beyond the
technical applications of data valuation methods (e.g., data
cleaning, data acquisition, etc.), it has been suggested that
within the context of data markets, data buyers might uti-
lize such methods to fairly compensate data owners. Here we
demonstrate that data valuation metrics are inherently biased
and unstable under simple algorithmic design choices, result-
ing in both technical and ethical implications. By analyzing
9 tabular classification datasets and 6 data valuation meth-
ods, we illustrate how (1) common and inexpensive data pre-
processing techniques can drastically alter estimated data val-
ues; (2) subsampling via data valuation metrics may increase
class imbalance; and (3) data valuation metrics may under-
value underrepresented group data. Consequently, we argue
in favor of increased transparency associated with data valua-
tion in-the-wild and introduce the novel Data Valuation Cards
(DValCards) framework towards this aim. The proliferation
of DValCards will reduce misuse of data valuation metrics,
including in data pricing, and build trust in responsible ML
systems.

1 Introduction

Recently, focus has shifted away from model-centric ma-
chine learning (ML) in favor of data-centric ML, whereby
increased emphasis is placed on the importance of mean-
ingful, high-quality data to a desired ML output (Singh
2023). Within this paradigm, data valuation methods quan-
tify the contribution of each datapoint (i.e., datum) to a
given ML model performance metric (e.g., accuracy, loss, or
a fairness measure such as equalized odds) (Ghorbani and
Zou 2019; Cook and Weisberg 1980; Arnaiz-Rodriguez and
Oliver 2023; Pang et al. 2024; Wang, Wu, and He 2024). In-
creasingly, data valuation metrics as influence functions are
utilized for various technical applications (Hammoudeh and
Lowd 2024; Sim, Xu, and Low 2022; Fleckenstein, Obaidi,
and Tryfona 2023), including data cleaning and subsampling
(Yoon, Arik, and Pfister 2020; Ghorbani and Zou 2019; Koh
and Liang 2017; Kwon and Zou 2021; Tang et al. 2021), data
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acquisition (Ghorbani and Zou 2019; Kwon and Zou 2021;
Jia et al. 2021), feature attribution (Chen et al. 2023; Zhao
et al. 2024), and active learning (Ghorbani, Zou, and Esteva
2022), with the specific application scenario influencing the
choice of valuation function (Sim, Xu, and Low 2022). Ad-
ditionally, data valuation techniques have been reappropri-
ated to measure or modify the algorithmic fairness of ML
systems (Black and Fredrikson 2021; Arnaiz-Rodriguez and
Oliver 2023; Pang et al. 2024; Wang, Wu, and He 2024).
Within the context of data markets', it has been proposed
that data buyers utilize data valuation methods for data pric-
ing estimation in order to fairly compensate data owners ac-
cording to their individual impact on model performance
(Laoutaris 2019; Paraschiv and Laoutaris 2019; Jia et al.
2019b,a). However, the practical limitations of in-the-wild
data valuation are not yet well exposed.

Here, we highlight the inherent properties of data valu-
ation metrics, notably bias and instability under simple al-
gorithmic design choices, by examining diverse case stud-
ies. These experiments aim to address pragmatic questions:
(1) Do standard data preprocessing techniques predictably
alter data values?; (2) What are the technical side-effects
of modifications to an ML system via data valuation? For
instance: can data cleaning augment class imbalance?; and
(3) What are the ethical side-effects of such modifica-
tions? Namely: are members of underrepresented groups
more likely to yield undervalued data? Taken together, the
context-dependent implications of these results underscore
the need for increased transparency regarding data valua-
tion in-the-wild. Alternatively, the properties of data valu-
ation metrics may limit their applicability to specific tasks
entirely, as we argue in the case of data market pricing. Ul-
timately, we address the transparency gap by proposing a
framework that we call DValCards, which accompany ap-
plications of data values and report the intended use, de-
sign choices, performance, and other critical information.
We hope that the use of DValCards facilitates communica-
tion between creators, users, and affected parties of data val-
uation metrics, thereby encouraging appropriate use of the
technology.

Code — https://github.com/knaggita/DValCards-Case

'A platform or mechanism that facilitates the exchange of data
between buyers and sellers (Tian et al. 2022).



1.1 Related Work

Data valuation. The data valuation metrics we consider
(leave one out (LOO), Truncated monte-carlo Shapley
(TMC-Shapley), gradient Shapley (G-Shapley), etc.) were
contextualized into an influence function taxonomy by Ham-
moudeh and Lowd (2024) and are introduced here Section 2.
Prior works have analyzed known limitations of data val-
uation methods with some proposing novel variants which
attempt to address them. Zhou et al. (2023) find that Shap-
ley estimators do not necessarily satisfy the fairness proper-
ties of true Shapley values. Schoch, Xu, and Ji (2022) de-
velop a Shapley-based metric which better discriminates be-
tween in- and out-of-class contributions; here, we further
analyze their method according to its impact on class im-
balance. Ghorbani, Kim, and Zou (2020) propose a distribu-
tional Shapley framework to augment stability of data values
under perturbations. Wang et al. (2024) show that when ap-
plied to data selection, Data Shapley may perform no better
than random selection without specific constraints on utility
functions: for instance, when applied to homogeneous data.
Wang and Jia (2023) discuss the instability of data value
rankings across different model runs and propose a more
robust data valuation metric; however, we demonstrate that
their method (Banzhaf) still exhibits rank instability across
algorithmic design choices.

More generally, we focus specifically on LOO, Banzhaf
values and Shapley-based values due to their popularity in
real-world applications. Modeling choices have been found
to result in varied feature attributions, with the specific
task better informing the choice of Shapley-based approach
(Chen et al. 2020). More efficient Shapley value estimation
methods have been proposed, e.g. (Covert and Lee 2021;
Chen et al. 2018; Kwon, Rivas, and Zou 2021; Jethani et al.
2021). Yona, Ghorbani, and Zou (2021) propose an extended
Shapley method addressing joint credit assignment, and data
valuation metrics have been extended to the federated learn-
ing setting, e.g. (Wang et al. 2020; Liu et al. 2022; Song,
Tong, and Wei 2019; Jiang et al. 2023).

AI/ML transparency frameworks. Modern ML trans-
parency documentation frameworks are largely inspired by
early documentation strategies including Data statements for
natural language processing (Bender and Friedman 2018),
Datasheets for datasets (Gebru et al. 2021), and Model cards
for model reporting (Mitchell et al. 2019). Existing frame-
works are designed to enable users to comprehensively re-
port essential characteristics of ML data, models, methods,
or systems, and often cite similarities to nutrition labels
or engineering datasheets (Chmielinski et al. 2022; Krasin
et al. 2017; Arnold et al. 2019). Frameworks may be con-
textualized for specific domains or applications, such as
Healthsheets for healthcare applications (Rostamzadeh et al.
2022), Reward reports for reinforcement learning (Gilbert
et al. 2023), or the Foundation Model Transparency Index
(Bommasani et al. 2023). Human-centric elements may be
included for data reporting, such as the annotator demo-
graphic information recommended by Diaz et al. (2022).
Data values are distinct from prior subjects of transparency
documentation for a number of reasons, making existing

1801

frameworks inadequate for data value reporting; this is dis-
cussed in more detail in Section 4.

2 Methodology

Experimental overview. In this paper, we restrict our at-
tention to the task of supervised classification. Let D =
{z; = (xi,v:)}, denote the training data, where x; €
X C R? are the features and y; € ) is the target class of
the datum, z;. Assume the model, A, is trained on a subset
of the data, S C D, to optimize the selected utility function,
V(S,A) : 2" — R, where 27 is the collection of all sub-
sets of D, including the empty set. To simplify notation, let
V(S) denote V(S, A). Throughout the paper, V(S) denotes
the accuracy of the model on the validation (test) set, when
trained on S.

We utilize three diverse experiments as illustrative case
studies, specifically:

1) Metric instability: 12 data imputation methods are ap-
plied as preprocessing techniques to 9 tabular datasets
which are then used to train supervised classification
models. The corresponding data values for each condi-
tion are reported using 4 data valuation metrics.

Class imbalance: 4 data valuation metrics are used to
subsample data from 9 tabular datasets. The class imbal-
ance is reported before and after subsampling using the
balance estimates described in Appendix Section D.2 in
the arXiv version of the paper (Naggita and LaChance
2025) (hereafter, we will only use Appendix X).

Underrepresented group bias: 4 tabular datasets were
analyzed to identify the prevalence of underrepresented
attribute groups and their impact on 4 data valuation
methods. Group and attribute representation is reported
before and after subsampling using the balance estimates
described in Appendix Section D.4.

2)

3)

Datasets. We selected 9 real-world, permissively licensed
(CC BY), tabular classification datasets from the OpenML-
CC18 benchmark (Creative Commons License; Bischl et al.
2019). Dataset selection criteria are detailed in Appendix
Section C.1. The datasets are reported by OpenML-CC18 la-
bels: 18 (Mfeat-morphological), 23 (Contraceptive method
choice), 31 (German credit), 37 (Pima Indians diabetes
database), 54 (Vehicle silhouette), 1063 (KC2 Software de-
fect prediction), 1068 (PC1 Software defect prediction),
1480 (Indian liver patient) and 40994 (climate-model-
simulation-crashes). Basic dataset characteristics are listed
in Appendix Table 1.

Data preprocessing. To test the impact of data imputa-
tion methods on data valuation metrics, we utilize tabular
datasets with no missing values and induce missingness ac-
cording to three percentages (1%, 10% and 30%) and three
patterns (missing completely at random (MCAR), missing
at random (MAR) and missing not at random (MNAR)),
as defined in Appendix Section A.1. Then we perform data
imputation using 12 methods: row removal (i.e., discard all
rows with any missing data values), column removal (i.e., re-
move attribute with missing data values), mean (i.e., replace
a missing value with the mean of that attribute), mode (i.e.,



replace a missing value with the most frequent values within
the attribute), k-nearest neighbor (KNN) (Murti et al. 2019),
optimal transport (OT) (Muzellec et al. 2020), random sam-
pling (i.e., randomly select samples from the attribute to fill
the missing value), multivariate imputation by chained equa-
tions (MICE) (Van Buuren and Groothuis-Oudshoorn 2011),
linear interpolation (Huang 2021), linear round robin (LRR)
(Muzellec et al. 2020), MLP round robin (MLP RR) (Muzel-
lec et al. 2020), and random forest (RF) (Hong and Lynn
2020). We include supplemental details in Appendix Section
C.2.

Data valuation. The objective of the data valuation ap-
proach is to compute the datum value that reflects the
marginal contribution of the datum to V. Let the value of
the datum z; to V be given by:

training data

ﬁdatum model

¢tech(zi7DvA7V)a (1)

utility function

where tech is the datum valuation approach used to compute
value of the datum. For simplicity, we use ¢rccn(z;) to de-
note ¢eecn(zi, D, A, V). In general, V(S) — V(S \ {z:}) is
defined as the marginal contribution of a datum to the utility
function, V. Different valuation approaches have different
variants of this formulation.

For all experiments, we evaluate the data valuation ap-
proaches: truncated Monte Carlo Shapley (TMC-Shapley)
(Ghorbani and Zou 2019), gradient Shapley (G-Shapley)
(Ghorbani and Zou 2019), and leave one out (LOO) (Cook
and Weisberg 1980). See Appendix Sections A.2 for method
descriptions and C.3 for learning algorithm and additional
details. Additionally, we analyze Banzhaf (Wang and Jia
2023) with respect to metric instability, class-wise Shapley
(CS-Shapley) (Schoch, Xu, and Ji 2022) for class imbal-
ance analysis, and FairShap (Arnaiz-Rodriguez and Oliver
2023) fairness-based metrics exclusively for the fairness ex-
periment, beyond the standard metrics.

3 Results

3.1 Metric Instability Case Study: Data
Imputation

We find that varying the applied data imputation method re-
sults in appreciable variation of data values, with all other
experimental conditions held constant (see Figure 1). No-
tably, the data rank order change is statistically significant
when cross-comparing data values corresponding to any two
differing imputation methods, according to Kendall’s 7 coef-
ficient: 7 < 1 and p < 0.05 (Kendall 1938). This trend holds
across all the data valuation methods considered (TMC-
Shapley, G-Shapley, LOO and Banzhaf); see Appendix Fig-
ure 10.

Variance in data values. Figure la shows a snapshot of
15 fixed data points in dataset 1063 (KC2 Software defect
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prediction, with MNAR-1) and the variance of leave-one-out
(LOO) data values after various imputation methods were
performed. The points were selected as non-imputed val-
ues spanning the quartiles of the initial data value set condi-
tion (MNAR, row removal), with three points per bin. This
snapshot demonstrates a crucial point: that data values can
vary significantly according to imputation method applied;
not only in an absolute sense (which may be meaningless
to compare cross-system), but even causing drastic relative
changes in score for non-imputed data points. For complete-
ness, mean data values are reported systematically across all
imputation methods and data valuation metrics considered
in Appendix Figure 11. In general, utilizing data imputa-
tion methods tends to increase the average data value (see
Appendix Table 2a and Figure 13) and, in some cases, the
maximum data value (see Appendix Table 2b). This further
shows that common and inexpensive data pre-processing
techniques can drastically alter estimated data values.

Variance in data rank. To illustrate datum rank changes
across all data points for a single dataset following com-
mon and low-cost preprocessing, we select two imputation
methods (column removal and MICE) and cross-compare
how datum rank is impacted for all data values in dataset
23 (Contraceptive method choice, with TMC and MAR-30).
These results are shown in Figure 1b; we would expect a sta-
ble valuation metric to reasonably maintain consistent rank
scores, and display a trend along the diagonal (shown as
the grey dotted line). The wide variability of rank scores in
this case study suggests that data value instability may not
uniquely impact high or low data values. To better system-
atically assess rank order changes, we report the Kendall’s 7
coefficient across each pair of imputation methods acting on
dataset 37 (Pima Indians Diabetes Database, with MNAR-
10) for all data valuation metrics considered in Appendix
Figure 10. We find that the imputation method of row re-
moval and the data valuation metric LOO are associated with
significant rank changes in comparative analyses across im-
putation strategy.

Implications to data subsampling. Indeed, for many
practical applications of data valuation metrics, the data val-
ues are used to select a subset of the initial dataset according
to highest or lowest data values, such as in data cleaning.
Thus, we ask: are data valuation metrics capturing the same
points as the sub-selected data fraction varies, if only the im-
putation method is modified? We show that the same points
are not necessarily captured in Figure 1c; in this, we present
the percentage of data points captured by TMC values fol-
lowing applications of different imputation methods when
compared to the baseline method, row removal (dataset 23,
MCAR-30). Analogous plots with both the highest- and
lowest-valued data fractions are shown for each of the met-
rics considered in Appendix Figure 14. Moreover, data val-
ues assessed prior to imputation could lead to the prema-
ture disposal of otherwise high-valued data as assessed post-
imputation. In the following section, we explore class-based
implications of value-based data subsampling.
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Figure 1: Data values are unstable to choice of data preprocessing method. (a) Leave-one-out (LOO) value estimates vary
as a function of imputation method; data points are selected to span 5 quintiles of data value scores from the row removal
results (grouped by color). By cross-comparing value estimates by imputation method, it is clear that value rank order varies in
addition to raw values. (b) TMC-Shapley value-based data ranks are compared across two different imputation methods (column
removal and MICE) to assess agreement. The Kendall 7 = 0.3214, p-value < 0.05, indicating a statistically significant positive
correlation but not agreement, as can be observed by the scattering of points away from the diagonal (grey dashed line). Point
size indicates scale of rank change; see also Appendix Figure 12 for changes in value and rank across all points. (¢) The
percentage of shared points between high data value sets as a function of various imputation methods and row removal as the
baseline method. Analogous plots including low data value selection are provided in Appendix Figure 14.

3.2 Technical Impact Case Study: Class
Imbalance

We find that the distribution of data values can vary greatly
as a function of class membership and data valuation met-
ric. As a result, data value-based subsampling may increase
class imbalance.
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Data value distributions may be class-dependent. We
observe that most standard data valuation metrics exhibit
class-based bias, with sample results shown in Figures 2a
and 2b for TMC-Shapley and G-Shapley. All results in
Figure 2 are shown for dataset 40994 (climate-model-
simulation-crashes) under MCAR-10 and random impu-
tation. Notably, the associated binary classes are imbal-
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Figure 2: Data values and class imbalance. (a, b, and ¢) Data value distributions according to three valuation metrics (TMC-
Shapley, G-Shapley, and CS-Shapley, respectively), for a binary classifier with 91.3% simulation-outcome success (dataset
40994, MCAR-10). We observe marked class-based differences in data value distributions for TMC-Shapley and G-Shapley; by
contrast, class-wise Shapley (CS-Shapley) improves consistency between classes. (d, e) Class balance (as defined in Appendix
D.2 as b) versus percentage of data removed, as a function of four data valuation metrics (TMC-Shapley, G-Shapley, LOO
and CS-Shapley). Value-based data subsampling may impact class imbalance. In this example, TMC-Shapley and G-Shapley
increase class balance with removal of high-value data and decrease balance with removal of low-valued data.

anced, with the larger class (“simulation success”) compris-
ing 91.3% of the data. In Figures 2a and 2b, the Shapley-
based data valuation metrics can be seen to produce lower
data values for the less frequent class (“simulation failure”,
blue) than the more frequent class (“simulation success”, or-
ange). By contrast, the application of the class-wise Shap-
ley (CS-Shapley) metric reduces the class-based bias on the
same data: see Figure 2c, in which the distinct classes cor-
respond to similar data value distributions. This trend is un-
surprising, as CS-Shapley was developed to better discrim-
inate between training instances’ in-class and out-of-class
contributions to a classifier. However, the differences ob-
served across data valuation metrics indicate the utility of
clear transparency documentation, especially given the im-
pact of the choice of data valuation method on other per-
formance metrics. Additional class-based value distribution
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plots are shown in Appendix Figure 15 for diverse datasets
and metrics.

Value-based subsampling may impact class balance. To
illustrate how class imbalance can change as a function of
value-based data subsampling, we show class balancedness
(defined in Appendix D.2 as b € [0, 1] where b = 0 indicates
at least one class is entirely absent from the training set, and
b = 1 denotes perfect class balance) as a function of per-
centage removed data for each metric, e.g. in Figures 2d and
2e. Given the same initial dataset with imbalanced classes,
we observe that TMC-Shapley and G-Shapley result in re-
duced class balance as low-valued data is removed; this is
indicative of data removal from the lower-valued, smaller
class (“simulation failure™) corresponding to the value dis-
tributions shown in Figures 2a and 2b. The opposite trend
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Figure 3: Data values and attribute group. (a, b) Data value distributions according to two valuation metrics (TMC-Shapley
and G-Shapley, respectively), by attribute group “number of children ever born” (dataset 23, MAR-10). We observe marked
attribute-based differences in data value distributions with variance across valuation metric. In (a), removal of low-valued data
may disproportionately remove data from underrepresented attribute groups (i.e, greater “number of children ever born”).

(c, d) Percentage binary sex representation (as defined in Appendix D.4 as g) versus percentage of data removed, as a function
of three data valuation metrics (TMC-Shapley, LOO, and G-Shapley). Value-based data subsampling may impact attribute
imbalance. In this example, TMC-Shapley and G-Shapley tend to increase percentage sex representation with removal of high-
value data and decrease representation with removal of low-valued data.

holds as high-valued data is removed, indicative of data
pulled from the majority class, until an inflection point is
reached. By contrast, CS-Shapley results in a relatively con-
sistent class balance when either high- or low-valued data
is removed. LOO results in reduced class balance as high-
valued data is removed and increased class balance as low-
valued data is removed. Analogous plots for diverse datasets
and imputation methods may be found in Appendix Figure
16. We systematically review all datasets, imputation meth-
ods, missingness conditions and value metrics according to
their impact on class balance following subsampling in Ap-
pendix Tables 3 and 4, corresponding to removal of low-
or high-valued data, respectively. Results are reported ac-
cording to absolute class balance scores (i.e., balancedness
< 0.25) and to relative class balance with respect to the
original dataset. We find that when 20% of low-valued data
is removed, the absolute and relative class balance worsens
for most datasets; the removal of high-valued data does not
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generally reduce class balance. Finally, the choice of metric
may have diverse effects on downstream performance met-
rics, such as accuracy (see Appendix Figure 25) or attribute
balance (see Section 3.3).

3.3 Ethical Impact Case Study: Potential
Undervaluation of Marginalized Groups

We find that data valuation metrics may exhibit attribute-
based bias as a function of dataset and preprocessing condi-
tions. As a result, the choice of metric in the context of spe-
cific downstream applications, like data subsampling, may
impact attribute balance in an unpredictable manner. When
an attribute (e.g. skin tone, gender) denotes a sensitive char-
acteristic associated with protected or marginalized groups
of people, the potential for selective removal of these infre-
quent data samples is ethically (and possibly legally) prob-
Iematic. Similar implications apply to other value-based ap-
plications including pricing in data markets.



Data values by attribute group. Our experiments show
that data valuation metrics manifest distinct and potentially
biased distributions across attribute groups. Two examples
are provided in Figures 3a and 3b, which display the vari-
ance in TMC-Shapley and G-Shapley values according to
attribute for dataset 23 (Contraceptive method choice, with
MAR-10); here, the attribute of interest is “number of chil-
dren ever born”. In these, we observe distinct distributions
for data value across the various attribute classes. Lower data
values in TMC-Shapley were often associated with under-
represented groups (Figure 3a), i.e., with greater “number of
children ever born”; thus downstream subsampling based on
low-value data removal may pull relatively more data from
these underrepresented groups. Heterogeneity of distribu-
tions according to attribute group may be observed under a
multitude of experimental conditions: additional analogous
plots to Figures 3a and 3b are shown in Appendix Figure 18.
These show that CS-Shapley may also produce distinct dis-
tribution clusters for specific attributes, and thus a method
chosen to protect class balance may still result in the selec-
tive removal of data from underrepresented attribute groups,
or other issues caused by data undervaluation.

Subsampling and attribute balance. Sample plots in
Figures 3c and 3d illustrate how attribute balance may be
impacted by value-based subsampling. For dataset 31 (Ger-
man credit, LRR, MCAR-30), we see that as an increas-
ing fraction of low-valued data is removed, TMC- and G-
Shapley tend to result in worsening female-to-male binary
sex representation, with generally smaller effects resulting
from LOO. Analogous plots to Figures 3c and 3d for di-
verse imputation methods can be found in Appendix Figure
20, and imputation method is systematically assessed for its
impact on attribute balance and equalized-odds difference
(EOD, a fairness metric) for age and sex in Appendix Fig-
ures 21 and 22, respectively. We cross-compare model ac-
curacy with EOD for both binary sex and age in Appendix
Figure 25 for dataset 31 (German credit, mean, MAR-30), as
increasing fractions of data are removed, demonstrating that
EOD is not necessarily correlated with changes in predictive
accuracy.

For all missingness conditions, imputation methods and
standard value metrics we present results in which subsam-
pling improves EOD fairness for sex (see Appendix Table
5) and age (see Appendix Table 6) on dataset 31 (German
credit, mean, MAR-30). From this systematic analysis we
find that across all conditions, subsampling typically does
not improve EOD fairness. Similarly, we assess the impact
on attribute representation balance for all conditions, for sex
(see Appendix Table 7) and age (see Appendix Table 8). The
results are found to vary more widely for attribute represen-
tation balance, and this may be impacted by the initial at-
tribute representation balance from the original dataset.

For comparison, we additionally show the distribution of
data values by attribute group and class according to ac-
curacy and three fairness metrics (equalized odds “Odds”,
average absolute equalized odds “Odds2”, and equal op-
portunity “EOp”) using the protocol described in Arnaiz-
Rodriguez and Oliver (2023) on select datasets (see Ap-
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pendix Figure 19 and Equation 7). As expected, the distri-
bution of accuracy- and fairness-based values display dis-
tinct characteristics, as the removal of points of low influ-
ence to accuracy may negatively impact fairness outcomes;
this is assessed systematically in Appendix Figures 23d and
24, across binary sex and age.

3.4 Fair Compensation

We briefly comment on the oft-cited recommendation that
data valuation metrics be utilized as, or a major constituent
of, a data pricing scheme (Sim, Xu, and Low 2022; Tian
et al. 2022; Jia et al. 2019a; Agarwal, Dahleh, and Sarkar
2019; Azcoitia and Laoutaris 2022). Our results indicate that
a naive utilization of the LOO and Shapley-based metrics is
unsuitable for establishing equitable compensation. In Sec-
tion 3.1, we illustrate the instability of LOO, TMC-Shapley
and G-Shapley to 12 common data preprocessing (impu-
tation) methods. Such instability induces no confidence in
data metrics as a pricing scheme; that is, it is unclear to data
market participants how minor algorithmic design choices
may impact data costs. Likewise, control over algorithmic
design may provide data buyers with a mechanism by which
to artificially adjust data prices to the detriment of data own-
ers. In Section 3.3, we demonstrate the potential for attribute
group bias in data values; as a data pricing scheme, this puts
data buyers at risk of explicitly undervaluing data offered
by members of marginalized groups or other “outlier” types.
(Interestingly, such an effect could make homogeneous data
more expensive from a buy-side perspective.) Notably, data
valuation metrics are unfair by design, as evidenced by their
utility for data outlier removal and cleaning.

Furthermore, we argue that data valuation metrics lack
properties of an effective economic pricing strategy: for in-
stance, an inherent asymmetry is given to the seller, as data
owners must submit their data in order to receive an assigned
price. Prior works have highlighted this and a number of
other practical challenges with the use of data valuation met-
rics as a pricing scheme, which include computational ex-
pense (Hammoudeh and Lowd 2024), the handling of repli-
cated data (Xu et al. 2021; Agarwal, Dahleh, and Sarkar
2019; Wang and Jia 2023; Ohrimenko, Tople, and Tschi-
atschek 2019), the translation to a monetary value (Coyle
and Manley 2023), asymmetry in data marketplace design
(Azcoitia and Laoutaris 2022; Agarwal, Dahleh, and Sarkar
2019; Han et al. 2023), privacy leakage (Tian et al. 2022;
Wang et al. 2023; Kang, Pedarsani, and Ramchandran 2024)
and protections against strategic sellers (Castro Fernandez
2022; Agarwal, Dahleh, and Sarkar 2019). In many practical
contexts, fair and consistent compensation may more readily
be obtained by assigning data values apriori and decoupling
values from learning algorithms and performance metrics.

4 DValCards for Data Valuation
Transparency
Given the limitations of data valuation metrics explored in

previous sections, we propose a transparency framework to
promote confidence in, and appropriate use of, such metrics.
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Figure 4: Distribution of G-Shapley values before inclusion/exclusion (a), after removing the bottom 20% (b), and after se-
lecting the top 80% (c). Lastly, (d) highlights the negative and unexpected impact of removing low-value datapoints from the
Dataset 18 (Mfeat-morphological) training set. Results are used in DValCard (see Figure 5) sections descriptions.

DValCard: G-Shapley for Numeric-digits Prediction

Introduction. Developed by the paper authors in May 2024 for demonstration purposes, this DValCard presents results
based on dataset 18 (Mfeat-morphological). Date (revised v2): May 2025.

System Flowchart DVal Report

¢ DVal in the life cycle context. Data valuation is con- * Data values. The data values range from a minimum
ducted during the data preprocessing stage of model of —0.0156906 to a maximum of 0.0178875. The dis-
training (see Figure 6). The DVal candidate data is a tribution of data values shows an over-representation
subset of, or equal to, the model training data. of the numeric digits 3, 4, 5, and 6 in the discarded

DVal Candidate Data data (refer to Figures 4a and 4b).

« Data information. The DVal candidate data is drawn * Chosen/included instances. Numeric digits 5 and 4
from the Multiple Features Morphological dataset are underrepresented in the top 80% highest-value in-
(Duin 1998), which contains six morphological fea- stances, comprising only Q.Q% and 3.3% of the se-
tures representing handwritten digits (0-9) extracted lected data, respectively (Figure 4c).
from Dutch utility maps. The dataset includes approx- Ethical Statement and Recommendations

imately 10% of each digit class, totaling 1600 in-
stances. While the original dataset contains no miss-
ing values, we introduced 1% random missingness
pattern for experimental purposes.

e Data preprocessing. Interpolation imputation
method (Huang 2021) is used to impute missing data.

* Intended users, and in/out-of-scope use cases. The
DvalCard is demonstrative and meant for researchers,
engineers and all those interested in data valuation.

* Potential ethical issues to consider. The chosen data
valuation method (technique) does not perform well
on the intended task, as seen in Figure 4d. We caution

DVal Method against using it for data subsampling in a digit classi-

» DVal technique. G-Shapley (Ghorbani and Zou fication task on dataset 18 (Mfeat-morphological).
2019). + Legal considerations. The DValCard and experimen-

¢ Learning algorithm. Logistic regression model, with tation details are provided under the MIT license
the linear solver and max_iter 5000 for data valuation (MIT License).
and classification. + Environmental considerations. Computations were

* Performance metric. Learning algorithm accuracy performed on a laptop CPU; full hardware specifica-
score: the sum of true positives and true negatives out tions are in Appendix C.3. Data value computation
of all algorithmic predictions. took approximately 24 hours.

* Evaluation data. The evaluation data, comprising * Recommendations. Due to accuracy decreases re-
400 numeric digit instances, is drawn from the same sulting from application of value-based subsampling,
distribution as the DVal candidate data. It represents a we recommend the consideration of alternative data
20% split of the original dataset, while the DVal can- valuation methods, e.g. CS-Shapley to better handle
didate data corresponds to the remaining 80%. imbalanced classes (Schoch, Xu, and Ji 2022).

Figure 5: Sample DValCard illustrating G-Shapley-based data valuation for sampling training data in a digit classification task.
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Figure 6: The system flowchart, a part of the DValCard (Figure 5), illustrates where in the model lifecycle data valuation could
be applied in practice. Processes most closely associated with data in green; data valuation and analysis of data values in red;
and the ML model in yellow. Evaluation data was used in both analysis processes (omitted arrows indicating this for clarity) to
assess the contribution of DVal Candidate data to the trained model and to evaluate ML models trained on subsampled datasets.

There exist key differences between data valuation meth-
ods and the subjects of existing transparency documents: in
particular, data values can (1) form part of the data life cy-
cle; (2) form part of the model life cycle; or (3) be utilized
as standalone measures. Within a data life cycle, data val-
ues may be used for dataset curation, e.g. in explanations of
data diversity, density or association (Mitchell et al. 2023)
or instance removal (Gebru et al. 2021). Within a model or
system life cycle, data values are used for model training,
e.g. for data weighting, selection, cleaning and preprocess-
ing (Arnaiz-Rodriguez and Oliver 2023; Yoon, Arik, and
Pfister 2020; Koh and Liang 2017; Kwon and Zou 2021;
Tang et al. 2021; Ghorbani and Zou 2019; Kwon and Zou
2021). Furthermore, data values may be independently used
for tasks including data pricing.

Consequently, existing transparency documents do not
well capture the flexibility required for data valuation re-
porting: system cards (Alsallakh et al. 2022) assume the ex-
istence of ML models contained within a broader pipeline,
while datasheets (Gebru et al. 2021) exclude models entirely,
as examples.

Another key feature of data values is that accurate report-
ing of when values are computed is essential, with respect
to other ML system components; in Section 3.1 we illustrate
the impact of simple preprocessing choices on data values.
This motivates our recommendation that DValCard authors
include ML system flowcharts (e.g., in Figure 6) to clearly
detail the order of operations. Correspondingly, certain per-
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formance measures, such as attribute balance, may change as
the result of data value-based processes, such as value-based
subsampling (see Section 3.3). Thus, we encourage report-
ing performance before and after applying data values.

Figure 5 illustrates an example of the proposed DVal-
Card framework consisting of six sections highlighted in
blue: “Introduction”, “System Flowchart” (Figure 6), “DVal
Candidate Data”, “DVal Method”, “DVal Report”, “Ethical
Statement and Recommendations”. Appendix H presents the
DValCard template, outlining its proposed general sections
designed to flexibly incorporate the key components of the
data valuation method(s), while enhancing transparency in
the valuation process and accountability of the performance
within the context of the intended application.

5 Limitations and Ethical Considerations

Our experiments primarily centered on a small set of data
valuation metrics: TMC-Shapley, G-Shapley, and LOO. We
selected these methods based on three criteria: they are the
most frequently cited in the literature, serve as a founda-
tion for many modern methods that often refine or address
the limitations of these fundamental approaches (e.g., CS-
Shapley), and are widely applied in data pricing and data
markets, with Shapley values being particularly prominent.
While alternative metrics may exist that better address some
of the technical and ethical challenges we examine, trans-
parency remains essential to foster clear communication be-
tween stakeholders in practice.



Moreover, our choice to highlight practical case studies
is inherently restrictive; for example, we do not extend be-
yond the tabular supervised classification domain nor ex-
plore preprocessing methods beyond imputation. Addition-
ally, the OpenML-CC18 benchmarking datasets we utilize
do not have comprehensive associated transparency docu-
mentation (e.g., datasheets). Thus, in some settings, the ex-
act provenance of the original data and the use of ethical
curation practices remain unclear. To the best of our knowl-
edge, we are the first to empirically study the practical lim-
itations of data valuation in real-world use cases and pro-
pose a specific framework for data valuation transparency.
We hope that future researchers can test the framework in
practical applications.

Lastly, challenges may arise in enforcing the DValCards
standard and incentivizing researchers and practitioners to
adopt and implement the documentation effectively. The
current proposed DValCard template aims to initiate a dis-
cussion and encourage practitioners and researchers to mod-
ify it to ensure accurate and comprehensive documentation
of the data valuation process. With agreement on the stan-
dard, practitioners and researchers can integrate the DVal-
Card into their documentation. We believe we can success-
fully follow a similar route taken by other documentation
and transparency methods to incentivize researchers and
practitioners to incorporate DvalCards into existing docu-
mentation frameworks.

6 Conclusion

We introduce the DValCards framework to support decision-
making and promote the appropriate use of data valuation
methods. Through three case studies, we demonstrate no-
table disparities of data valuation in practice: the variability
in data values caused by common data preprocessing tech-
niques, the influence of data values on class imbalances, and
the disparate valuation of underrepresented attribute groups.
We argue that comprehensive and transparent documenta-
tion covering appropriate use, implementation specifics, per-
formance metrics, and fairness and ethical considerations of
data valuation methods will significantly improve usage.
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