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Figure 1: First row: Scatterplots of different datasets created by the proposed transformation method (LT). All have the same summary
statistics (ux = 52.26,uy = 47.83,6x = 16.76,6y = 26.93, p = —0.06). Bottom two rows: Scatterplots of the Star dataset created by LT. All
have the same summary statistics as the first row but with varying 6x and varying p.

Abstract

While summary statistics are used consistently to report data results, their limitations (and the importance of visualizing data)
are well known. Yet, current methods that aim to approximate shapes to match some desired summary statistics are quite complex
and can fail the approximation for complex shapes. We present a simple linear transformation LT that performs the same
approximation more effectively and efficiently. We show that this method works well for complicated shapes and large datasets,
visually outperforms almost all baseline algorithms for most shapes, while being significantly faster and simpler. We also present
an iterative approach that improves the method LT in case of extreme statistical values.

CCS Concepts
» Human-centered computing — Visualization techniques;

1. Introduction and underlined the importance of visualizing data. In particular,
Anscombe [Ans73] showed simple examples where quite different
visual scatter plots yield similar statistics. Later on, Chatterjee and
Firat [CF07] showed that they could generate datasets with sim-
ilar statistics but completely dissimilar graphics using a Genetic

Summary statistics, such as mean and standard deviation, are
widely used to capture the main trends of large datasets. How-
ever, several works have shown the limitations of summary statistics
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Algorithm. The Datasaurus Dozen [MF17] followed up on this with
a Simulated Annealing Algorithm that morphs a given scatterplot
into a target shape, such as the Datasaurus [Cail6], with the same
summary statistics up to 2 digits.

In dimensionality reduction (DR), large high-dimensional datasets
are reduced to 2D or 3D scatterplots. Quality metrics are used
to gauge how well the DR process preserves the data structure
[EMK™19] - thus playing a similar summarization role to statistics.
Yet, such summary quality metrics can also be misleading. Chari
and Pachter [CP23] showed how to morph an existing DR plot into
specified shapes, such as an elephant, while keeping quality metrics
relatively constant. Machado et al. [MBT25] used Feed-Forward
Neural Network to massively distort DR plots into pseudorandom
shapes while again keeping quality metrics similar.

Related findings were shown in the field of graph drawing (GD).
Similar to DR, GD has its own set of quality metrics which are used
during optimization and evaluation of the drawings. Inspired by the
Datasaurus Dozen [MF17], van Wageningen et al. [vWMT25] used
a Simulated Annealing algorithm to morph graph drawings into
several unique target shapes, including a video, while keeping a set
of quality metrics nearly the same.

While all above methods showed that summary statistics are not
truly descriptive of the input data, they do this via quite complex
ways — either iterative approaches, such as Simulated Annealing
or Genetic Algorithms; or required careful training of a non-trivial
Neural Network. Also, these methods are quite computationally
expensive and do not guarantee desired results for more complicated
target shapes. As such, these methods raise the question whether
summary statistics are indeed inherently hard to fool — in which
case, their perceived ‘strength’ would be larger.

In this work, we show that given a scatterplot, we can approximate
any target shape, regardless of the original dataset, while keeping
summary statistics exactly constant, using simple and fast algebra
transformations. Our contributions include:

o A near-instant linear transformation method LT able to approxi-
mate shapes to a desired set of summary statistics;

e A fast iterative gradient descent method which outperforms all
other existing iterative algorithms when combined with LT;

o A replication of the results from the Datasaurus Dozen, comparing
the proposed method LT with three baseline algorithms;

e Two new dataset collections used for testing the fooling of sum-
mary statistics: (1) The DataDance DoubleDozen: A sequence
of scatterplots with the same summary statistics which can be
displayed in a playful video. (2) A collection of eight large com-
plicated scatterplots.

While the suggested transformation method is not novel, its use in
demonstrating the untrustworthiness of summary statistics has thus
far not been explored. With this work, we show that generating dis-
similar scatterplots with similar statistics is a mathematical problem
with a trivial algebraic solution.

2. Method

A dataset D € R"*? consists of a set of n (x,y) values in R2. Let
S(D) = {/J,LC) ,,uf ,oP ,6)1,) PP } denote summary statistics computed

on D — means y, standard deviations ¢ with respect to both x and y,
and the Pearson correlation coefficient p between x and y. We denote
by MAB the n x n pair-wise Euclidean distance matrix of two such
datasets A and B. Finally, let Dy, Dy denote the two n-dimensional
columns of D.

Methods aiming to prove limitations of summary statistics trans-
form a dataset A to acquire the shape of a dataset B, which differs
strongly from A, so that S(B) ~ S(A). The method, described next,
works slightly differently — it transforms B so as to yield a set of
statistical values (either computed from a given A or provided by
the user). Our full implementation is available online.

2.1. Linear transformation method

Let B be a dataset and S(A) = {,Lf)?,p’;,cﬁ,oﬂ,pA}, a set of sum-
mary statistics acquired from either dataset A or manually specified.
Let S(B) be the analogous statistics computed from dataset B. We
next transform B to achieve the statistics S(A) in two steps: First,
we translate B to have zero mean (u® = 0) and apply a so-called
whitening transform [AHO1] to set its variance to one. Second, we
recolor the resulting dataset to have statistics S(A).

Given a statistics-set S(D), let covP denote the covariance matrix
of a dataset D

D D D D
D <Gx6x p (SXO')D)

Cov’=1| p p b DD
pPelsl  ofor

We denote by Ep and AP = (AP 1) the matrix of eigenvectors and
the eigenvalues of CovP, respectively.

With the above, we first center B by performing By <— By — ,uf s
By < By — ,ue . We then apply a whitening transform B < (B-W7T)
where

1
0
W =Eg- \/OE .| Es.

Next, we recolor the dataset B with the statistics of A by computing
B+ (B-CT) where

Finally, we translate B to the desired means By <— By + //;, By +
By + pe At this point, the resulting dataset B has statistics S(A).
All the above steps, taken together, result in a linear transformation
(called LT next) which combines translation, scaling, and shearing,
as next illustrated in our experiments.

2.2. Baseline Algorithms

To determine the effectiveness of the proposed transformation
method LT, we will compare its results with other algorithms used
to transform scatterplots into target shapes while maintaining similar
summary statistics. For all these algorithms we remove boundary
consztraints — that is, the created datasets can have any coordinates
in R~
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SAp2 : The Simulated Annealing algorithm from the Datasaurus
Dozen [MF17] reads a dataset A with desired summary statistics
S(A) and a target dataset B with a specified shape. It then adds noise
to a single data point and accepts that point if its fitness is better.
Fitness is defined as the Euclidean distance, to any target point, i.e. if
the noisy data point is closer to any target point it is accepted. Points
that are not closer to any target point are also accepted occasionally
so0 as to escape local minima, as per the simulated annealing logic.
The entire process is repeated for a set number of iterations.

SAps+ : The DataDance DoubleDozen [vW25] takes the same in-
puts as the Simulated Annealing algorithm SAp, but adapts some
parameters and the fitness functions. The algorithm adds noise to
multiple data points and only accepts points if the fitness of al/l data
points improves. Here, fitness is computed via either the Cham-
fer distance [ASO3] or the Hungarian Algorithm [Kuh55]. This
increases computation times but allows the algorithm to recreate
more complex shapes. The algorithm also applies a simulated an-
nealing cooling step to the amount of noise added to data points, and
the number of data points sampled. The entire process is repeated
for a set number of iterations.

SGD: In addition to the above algorithms, we propose a sim-
pler and faster Stochastic Gradient Descent (SGD) algorithm
which can reconstruct most target shapes while keeping the sum-
mary statistics roughly the same. Algorithm 1 shows the pseu-
docode of SGD. We start by computing the summary statistics
of the input dataset Sjnir(A). We next consider a sampled sub-
set Ay € A of s samples to accelerate computations. We compute
the fitness of our current dataset using the Chamfer distance by
Chamfer(As,B) = %Zf-:] min; M‘?_IB + %Z?:] min; M?]B , where we
sum the means of the minimum values of the rows and columns
of the pair-wise distance matrix M"B_ We then sum up the squared
differences of the current summary statistics of A and the target
summary statistics (loss_stats(A, Sy (A))). We take the sum of the
fitness returned by the Chamfer distance and the squared sum of
errors as our loss and backpropagate this loss to modify our current
dataset. We repeat these steps for a set number of iterations. Note
that our approach is a soft-constrained optimization algorithm — that
is, the algorithm can return datasets with summary statistics that
deviate more than our hard constraint of never varying more than
2 decimals from Sj,;;. We fix this by applying our transformation
method LT described in Sec. 2.1 to A to acquire the final transformed
dataset Ay.

Algorithm 1 SGD

: Sinit(A) <~ {}47;{;’0?7097;)'4}
‘= [05 o 16_5]iterations

: while i < iterations do

As < sample(A, s)

fit «+— Chamfer(As, B)

Ly < loss_stats(A, Sinis (A))
{ <« fit+ L

A+ A—m;Val

i+ i+1

: end while

: Af — TF(A7S,‘n,’Z)

: return A ¢

B A A S ol e

—_ = =
N = O
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Figure 2: Scatterplots of transformed datasets from the Datasaurus
Dozen produced by the LT method and three baseline methods ( SGD,
SA%), and SA4D ). The summary statistics of all datasets are identical.
Green-marked cells show the best results (lowest & value).

2.3. Evaluation

We show the effectiveness of the simple transformation method LT
by conducting three experiments.

Exp. 1: We replicate the shapes from the Datasaurus Dozen [MF17]
and those from the DataDance DoubleDozen [vW25]).

Exp. 2: We vary the target standard deviation G, and the target
correlation p for one target shape to see how well our transformation
works for different summary statistics. We do not vary Gy, as the
results of 6 will hold true for 6y as well. Also, we do not experiment
with varying u, as simple translations can be made to a dataset to
get any target u.

Exp. 3: We apply the proposed transformation LT to larger datasets
with more complicated shapes.

For all experiments, we start from the same dataset A, which
is a dataset with random coordinates and no inherent shape. We
fix the target summary statistics based on the exact values from
the Datasaurus Dozen (1} = 52.26,14 = 47.83,0% = 16.76,6) =
26.93, pA = —0.06). We compare the results of the method LT with
the baseline algorithms SA%), SA4D, and SGD (see Sec. 2.2). The
latter three algorithms are iterative approaches and have the number
of iterations set to 4-10°, 2-10°, and 1.5 - 10%, respectively. We
ask these iterative algorithms to keep summary statistics consistent
to two decimal points. In Exp. 3, we only compare LT and SGD
as the other methods had drastically longer computation times and
worse results. We observe the quality of the resulting scatterplots
through visual inspection. To quantitatively assess how well a shape
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Figure 3: Scatterplots of the transformed datasets from the
Datasaurus Dozen produced by the LT method and three base-
line methods (SGD, SA%), and SA?) ). The summary statistics of
all datasets (minus the target shape dataset) are identical. Green-
marked cells show the best results (lowest & value).
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Figure 4: The first five scatterplots of the transformed datasets from
the DataDance DoubleDozen produced by the LT method and three
baseline methods (SGD, SA,%, and SA4D ). The summary statistics of
all datasets (minus the target shape dataset) are identical. Green-
marked cells show the best results (lowest & value).

was recreated we compute the difference & between shapes by 8 =
Y M?f;*(i), here the optimal (lowest-cost) permutation ©T* of the

pair-wise distance matrix MAB is computed using the Hungarian
algorithm: T° = Hungarian(M*5).
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3. Results and Discussion

We next discuss our obtained results. For larger versions of all
figures, we refer the reader to the supplementary material.

Exp. 1: We reproduce all scatterplots from the Datasaurus Dozen
and the DataDance DoubleDozen and compare the method LT
with three baselines SGD, SZ—\%, and SA4D. Figures 2-4 show these
results. We observe that the results of LT are consistently high in
visual quality — that is, visually very similar to the target shapes.
In particular, the Datasaurus, Dots, Vert. lines, and Star results of
LT are near perfect recreations of their target shapes. Yet we notice
that LT does not always provide ‘faithful’ recreations according
to the computed metric 8. This can be seen for the Bullseye and
Circle datasets where, by design, LT transforms the shape to fit
the desired summary statistics and therefore warps the proportions
of the shapes via shearing. In contrast, for these datasets, SGD
and SA4D reach shapes which are closer to the target (according
to the metric 8) — though, these shapes create local disturbances,
i.e., not not all points are accurately placed on the radii of the
circles. We notice similar effects for the datasets Datadance Frame
3 and Frame 4 (Fig. 4). Here, LT ‘slims’ the target shape while
SA?) acquires better § results. When all frames are visualized in
a video, SA4D produces more time-coherent frames. Finally, we
see that all iterative algorithms do introduce various amounts
of noise in their created shapes (most for SAIZ), less for SA4D,
and least for SGD). In contrast, LT, by design, never adds such noise.

Exp. 2: We now keep the same summary statistics Sj,;; but vary
oy and p. Figures 5-6 show the results. We see now better how
LT warps the proportions of its target shape to acquire the desired
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Figure 5: Scatterplots of the transformed Star datasets produced
by the LT method and three baseline methods (SGD, SA%), and
SA?) ). The summary statistics of all datasets (minus the target shape
dataset) are identical except for the varying p. Green-marked cells
show the best results (lowest & value).
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Figure 6: Scatterplots of the transformed Star datasets produced
by the LT method and three baseline methods (SGD, SA%), and
SA?) ). The summary statistics of all datasets (minus the target shape
dataset) are identical except for the varying &x. Green-marked cells
show the best results (lowest & value).

summary statistics. For instance, the Star dataset with p = 0.95 in
Fig. 5 is strongly warped by LT to the point where a star can no
longer be recognized. SGD, on the other hand, still produces a star-
like shape. In contrast, both SZ—\% and SA4D have greater difficulties in
generating a shape which resembles the input star: when varying o,
the star structure exhibits many gaps and noisy points; when varying
p, we see the same warping as for LT but, in addition, significant
noise is added.

Exp. 3: Figure 7 shows the results of LT and SGD on eight larger
and more complex shapes (855 points each). LT was able to recover
the structure of all datasets without introducing spurious noise — but
with the already discussed warping being present. In contrast, SGD
produces less warping but creates significant amounts of noise — for
some datasets like UU the input shape is barely recognizable.

Altogether, our experiments show that LT can adapt all tested
datasets to precisely yield the desired target statistics while keeping
the target shapes intact (modulo shearing and scaling which are
inherent to the method’s design). The SGD method uses the LT
method for a final correction, leading to shapes with less warping
but more noise. Speed-wise, LT handles all tested shapes in under 10
milliseconds on a commodity PC; SGD requires about 60 seconds for
the largest shapes; and the earlier methods presented in the literature,
SA2D and SA4D both require 10 to 20 minutes for small shapes (142
points) and 2 to 3 hours for the largest shapes (855 points).

4. Conclusion

We presented a simple linear transformation approach LT that nearly
instantly approximates any given target shape for a desired set of
summary statistics. LT works well for complicated, large, shapes
and visually outperforms almost all existing algorithms for most
shapes (modulo a warping factor). We also presented a gradient-

© 2026 The Authors.
Proceedings published by Eurographics - The European Association for Computer Graphics.

[[Dataset [| Target [[ T [ sep ||
Bike 8 .
Butterfly E
Dinosaur .

Maple Leaves E
Netherlands .
Palm Tree .
Rooster .

T

v i v o VB |-

uu o e ©

Figure 7: Scatterplots of the transformed datasets produced by the
LT method and one baseline method SGD. The summary statistics
of all datasets (minus the target shape dataset) are identical. Green-
marked cells show the best results (lowest & value).

descent-based method SGD that, when combined with LT, reduces
the warping inherent to LT in return for noise.

Our work shows that one does not need complex and expensive
algorithms to faithfully create scatterplots that have given statisti-
cal values — hence further underlines the need for better measures
to characterize scatterplots. Future work can explore whether the
simple linear transformations can be adapted to analogous ends for
more complicated statistics such as graph drawing or dimensionality
reduction quality metrics. Separately, it is worth considering refining
the LT approach to reduce warping, and to explore its use for 3D
scatterplots. Finally, other existing whitening transforms (besides
the current PCA-based one) could be explored in the design of LT.
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5. Supplementary Material

We provide the large scale figures of all results presented in the
paper:
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Figure 8: Scatter plots of the transformed datasets from the Datasaurus Dozen produced by the LT method and three baseline methods (SGD,
SA%, and SA4D ). The summary statistics of all datasets (minus the target shape dataset) are identical . Green-marked cells show the best results
(lowest & value).
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Figure 9: Scatter plots of the transformed datasets from the Datasaurus Dozen produced by the LT method and three baseline methods (SGD,
SAzD, and SA4D ). The summary statistics of all datasets (minus the target shape dataset) are identical . Green-marked cells show the best results

(lowest & value).
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Figure 10: Scatter plots of the transformed datasets from the DataDance DoubleDozen produced by the LT method and three baseline methods
(SGD, SA%), and SA?) ). The summary statistics of all datasets (minus the target shape dataset) are identical . Green-marked cells show the best
results (lowest 0 value).
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Figure 11: Scatter plots of the transformed Star datasets produced by the LT method and three baseline methods ( SGD, SA%, and SA4D ). The
summary statistics of all datasets (minus the target shape dataset) are identical except for the varying . Green-marked cells show the best
results (lowest 8 value).
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Figure 12: Scatter plots of the transformed Star datasets produced by the LT method and three baseline methods ( SGD, SA%, and SA4D ). The
summary statistics of all datasets (minus the target shape dataset) are identical except for the varying p. Green-marked cells show the best
results (lowest 8 value).
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Figure 13: Scatter plots of the transformed datasets produced by the proposed LT method and one baseline method SGD. The summary
statistics of all datasets (minus the target shape dataset) are identical . Green-marked cells show the best results (lowest & value).
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