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Abstract
Differential scanning fluorimetry (DSF) can be an effective high-throughput
screening assay in drug discovery for detecting protein-compound interac-
tions that stabilize or destabilize macromolecules. Due to the magnitude
and quality of the data produced by this biophysical assay, analyzing and
prioritizing compounds from large-scale DSF data sets has proven challeng-
ing to the research community. Here, we present ShiftScan—a powerful,
stand-alone tool designed for the rapid analysis of DSF data and compound
prioritization based on thermal transition patterns. ShiftScan accurately and
quickly predicts melting temperatures (Tm values) from both canonical and
non-canonical transition patterns, efficiently filtering out spurious data to
minimize false positives. We report on the use of this tool for data analysis
of screens involving both pure compound and natural product fraction librar-
ies and provide the software to the screening community to aid in the dis-
covery of molecularly-targeted compounds. Instructions for installation and
usage of ShiftScan can be found at our GitHub repository: https://github.
com/samche42/ShiftScan.
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1 | INTRODUCTION

Differential scanning fluorimetry (DSF), a type of ther-
mal shift assay (TSA), can be used to monitor
temperature-induced unfolding events of either protein
(Pantoliano et al., 2001) or polynucleotide macromole-
cules (Sztuba-Solinska et al., 2014). In a typical assay
for changes in protein stability, a protein of interest is
incubated with a fluorescent dye, most commonly
Sypro Orange™, in a multi-well plate and heated in a
real-time polymerase chain reaction (RT-PCR)

instrument (Pantoliano et al., 2001). The plate is uni-
formly heated over a temperature gradient, and as the
protein unfolds, the hydrophobic residues of the inner
regions of the protein structure become exposed and
bind the Sypro Orange™ dye, increasing the dye’s fluo-
rescence intensity. Fluorescence measurements are
routinely taken >250 times per well over the course of
an experiment. If the protein unfolds in a two-state
(folded to unfolded) manner, the change in fluores-
cence with respect to temperature typically follows a
sigmoidal pattern, and the mid-point of the rise in the
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curve can be extrapolated as the protein’s melting tem-
perature (Tm). This melting temperature can be moni-
tored in the presence of small molecule libraries; if the
binding of a molecule causes a structural perturbation
in the protein, this is often reflected in a shift in the Tm
of the protein (Pantoliano et al., 2001). A shift in Tm
can occur in either direction corresponding to either a
stabilization (higher Tm) or a destabilization (lower Tm)
of the protein’s tertiary structure upon ligand binding.

DSF is used in numerous applications (Wu
et al., 2024), including as a primary screening platform
for detecting novel macromolecule-compound interac-
tions (Ciulli, 2013; Dai et al., 2015; Gao et al., 2020;
Matarlo et al., 2019; Pantoliano et al., 2001). In these
DSF screens, compounds (or mixture of compounds
from fractionated natural product extracts) can be
assayed against a protein of interest in a high through-
put manner, the samples tested in a 96-well or 384-well
plate. The raw fluorescence readings upon heating are
then measured, and the extrapolated melting tempera-
tures (Tm values) of the sample wells relative to that of
controls determine which samples may be worth further
consideration. DSF is a cost-effective, sensitive assay
in early-stage drug discovery (Gao et al., 2020) that
can be performed in high-throughput manner on widely
available RT-PCR instruments. While the ideal output
of a DSF assay is a series of sigmoidal curves that can
be easily compared to one another, there are often
non-canonical transition patterns that occur due to
interference by a compound/extract’s intrinsic fluores-
cence (Wu et al., 2023). Sub-optimal experimental con-
ditions (Gao et al., 2020; Wu et al., 2023, 2024) and
non-two-state protein unfolding events due to sample
effects can also produce non-canonical transition
curves, making the entire process of Tm extrapolation
and compound prioritization more challenging.

In the context of a 384-well plate setup, with a
260-step temperature increase, a single plate generates
approximately 100,000 data points. This means that in a
high throughput setting, datasets can rapidly produce
millions of data points for analysis. Various tools are
available for processing and inspecting the data, includ-
ing DSFWorld (Wu et al., 2024), SimpleDSFViewer (Sun
et al., 2020), the DSF workflow in KNIME (Samuel
et al., 2021), HTSDSF Explorer (Martin-Malpartida
et al., 2022), among others (Wu et al., 2023). DSFWorld
is a recently developed and useful tool that exploits four
robust mathematical models for fitting canonical and
non-canonical DSF curve data. However, to our knowl-
edge, neither DSFWorld (Wu et al., 2024) nor Sim-
pleDSFViewer (Sun et al., 2020) process data from
high-throughput screening campaigns. The KNIME
workflow (Samuel et al., 2021) is powerful but relatively
slow, processing one 384-well plate at a time, and
requiring heavy user interaction/input in at least 11 differ-
ent points and visual inspection of individual melting
curves for “well-behaved” data (Samuel et al., 2021);

this is not a feasible option for high-throughput initiatives.
Similarly, this approach excludes curves which follow
non-canonical transition patterns which may be of inter-
est to researchers. HTSDSF Explorer (Martin-Malpartida
et al., 2022), processes DSF data in a high-throughput
manner but aims to provide preliminary binding constants
from concentration response assays rather than prioritiza-
tion of compounds at a single concentration (as is often
screened in preliminary HTS campaigns).

A recent investigation into strategies for compound
prioritization found DSF to be an optimal first step in iden-
tifying hits before confirmation with either surface plasmon
resonance (SPR) or temperature-related intensity change
(TRIC) assays (Fotsch et al., 2024). Similarly, major phar-
maceutical companies such as AstraZeneca have
recently reported the automation of the DSF assay for the
high-throughput screening of approximately 100,000 com-
pounds (Hansel et al., 2023). At the National Cancer Insti-
tute (NCI), we have developed a workflow for screening
large libraries of pure compounds and pre-fractionated
natural product extracts (Grkovic et al., 2020; Thornburg
et al., 2018) against protein targets of interest using DSF.
The challenge has been the magnitude of the resultant
data generated (i.e., for every hundred 384-well plates
assayed across a 260-step temperature gradient (35,200
test samples) �10 million data points are produced).
Along with the size of the data set, additional challenges,
such as a variety of non-canonical transition patterns and
otherwise noisy data, often result from the assaying of
natural product mixtures.

To address these challenges, we developed ShiftS-
can, a standalone tool that can be run locally or on
large computing clusters, with the choice of RAM- or
disk-intensive modes to suit different system capabili-
ties. Along with the main processing algorithm, we have
developed a companion visualization tool for the rapid
identification of hits as defined by a user’s criteria. ShiftS-
can is also available as a Google Colab notebook and a
stand-alone GUI application, although the increased user-
friendliness in these implementations comes at the cost of
processing speed. ShiftScan processes data in a plate-
wise fashion and can analyze data from sample sets
assaying different proteins of interest simultaneously. We
hope that ShiftScan will help provide a valuable tool to the
scientific community in the pursuit of novel therapeutics.

2 | RESULTS

2.1 | Algorithm development

ShiftScan is written in Python3 and consists of two
parts: (1) the main data processing algorithm and
(2) the companion visualization tool developed as a
Plotly Dash application (https://dash.plotly.com/).
Detailed instructions for installation and usage are pro-
vided in our GitHub repository: https://github.com/
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samche42/ShiftScan. ShiftScan has been tested and
can be used in Mac, Linux, or Windows environments.
Users can customize parameters such as the maximum
permissible z-scores for control well amplitudes and
melting temperatures, the threshold for control failures
before a plate is flagged as a failure, the amplitude
range for experimental curves relative to controls, data
normalization options, the smoothing factor used, and
control column assignments. Currently, the algorithm
supports raw input files from Roche LightCycler 480 II
and Bio-Rad (Opticon Monitor) instruments. The import
functions are modular, and we encourage users to
send additional examples of input data formats for us
to incorporate. The algorithm supports plates of any
size, with defaults optimized for 384-well plates. Each
parameter has a default setting, detailed in the follow-
ing sections, should the user opt to defer to these.

2.1.1 | Initial processing of all wells

Raw data is read in from a user-provided input folder
and concatenated, where the file name is used as a pri-
mary key to link the data with user-provided metadata.
The data is then normalized per plate (unless the user
has specified otherwise) to values between 0 and
1. Data is processed for each individual well. If a well is
not assigned as a control or lacks experimental meta-
data, it is considered blank and skipped. For all wells,
the data is smoothed (Figure 1a), ‘cleaned,’ and subse-
quently ‘split’ to isolate the sigmoidal regions within
(Figure 1b). This is achieved by splitting the respective
curves at local minima and maxima, then assessing the
average gradient and the shape of the first and second
derivatives of the individual slices. We would expect
the data to have a positive average gradient, and for
the first derivative from which the data is derived to
include a peak. The ratio of positive and negative
values for the second derivative gradients is calculated
to identify legitimate peaks in the first derivative. Here,
we defined an unacceptable ratio of positive and nega-
tive values as 90:10 or more, for example, if the positive
to negative ratio of second derivative values is 93:7,
the first derivative likely does not have a legitimate
peak and therefore does not represent sigmoidal data.
Each sigmoidal region is then fitted against a Boltz-
mann sigmoidal distribution model (Figure 1c), mathe-
matically defined as follows:

y¼ D�A
1þe�B x�Cð Þ

where A and D are the minimum and maximum asymp-
totes, respectively, B is the slope of the curve at C, the
point of inflection. The curve is model-fitted using the
‘optimize.curve_fit’ function from SciPy (Virtanen
et al., 2020). The optimization method is initially set to

‘lm’ (Levenberg–Marquardt), and if this fails, optimiza-
tion is reattempted with the ‘dogbox’ (dogleg algorithm
with rectangular trust regions) method. The former is
the traditional option for modeling of nonlinear data,
while the latter is recommended for more complex or
noisier data (An et al., 2023). The Boltzmann melting
temperature (Tm), mean squared error (MSE), residual
sum of squares (RSS), and any errors resulting from
modeling failures are reported for each well. The final
melting temperature(s) for each well is determined from
the inflection point of the smoothed sigmoidal curve(s)
data, and the difference of this measurement from the
predicted Tm from the Boltzmann fit is documented. If
the user only requires Tm value estimates without com-
paring control and experimental values, they can use
the—only_tm flag. This option stops the pipeline early,
generating only two files, Only_Tm_values.txt and
Only_Tm_curves.txt as the final output. Note that an
augmented version of the companion visualization tool
is available but has limited functionality given the trun-
cated output.

2.1.2 | Quality control of data

All data corresponding to wells that are designated as
control wells by the user are subset out. The z-scores
for control well melting temperatures (Tm) are calcu-
lated per plate, and any control wells that have a Tm
z-score beyond the user-specified cutoff (default is a
maximum of 1.5 standard deviations) are marked as
having failed. Similarly, z-scores for the amplitudes of
the control curves are calculated and curves with ampli-
tude z-scores greater than the defined cutoff (default is
a maximum of 2) are marked as having failed. These
cutoffs were chosen following assessment of the num-
ber of failed control wells generated using different cut-
off combinations for melting temperature and amplitude
z-scores across 500 assay plates, including 242 plates
with ‘Protein A’ and 258 plates with ‘Protein B’ assayed
against various compound and extract libraries
(Figure S1). Based on data from two assayed proteins
across 500 plates (384-well), we found that an ampli-
tude z-score cutoff below 2 was overly stringent, result-
ing in a high rate of control well failures (Figure S1).
Notably, combining this with a Tm z-score cutoff of 1.5
reduced the effect, leading to a plateau in control well
failure rates (Figure S1). To balance accuracy with con-
servatism, we selected default cutoffs of 1.5 for Tm
z-scores and 2 for amplitude z-scores in control wells.
The average control melting temperature and amplitude
per plate are calculated only using wells that pass
these quality checks. Outlier removal from the control
data helps ensure that the calculated control means
are accurate and unbiased, reducing the risk of skewed
results that could otherwise lead to erroneous hit
assignments in downstream analysis.
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 1469896x, 2025, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/pro.70055 by U

niversity O
f A

labam
a H

untsville/L
ibrary, W

iley O
nline L

ibrary on [10/05/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://github.com/samche42/ShiftScan


Next, the experimental wells are assessed relative
to the remaining controls per plate. In the case of non-
canonical curves, where two or more transitions were
detected, each sigmoidal ‘subcurve’ is treated indepen-
dently of other subcurves detected for that well, and
each is reported as a ‘Subplot’ for the well in question.
The relative amplitude of each experimental (sub)curve

is calculated relative to the average control amplitude
for the respective plate. The default behavior for the
algorithm is to fail any experimental (sub)curves where
the relative amplitude is 6 times greater OR a fifth of
the average control amplitude, for example, if the (sub)
curve amplitude of an experimental well is 0.19 relative
to the average control amplitude of that plate, this (sub)
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(a) Smoothing raw data and slicing at local maxima and minima
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F I GURE 1 Processing of data per well is performed in several key steps: (a) curve data for each well is smoothed and sliced at local minima
and maxima, (b) sigmoidal regions are isolated through assessment of the average gradient and shape of the first and second derivatives of the
respective data. Finally, the data is (c) fitted against a Boltzmann sigmoidal distribution model.
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curve is marked as a failure. These defaults were cho-
sen following parameters presented in a published
study (Reidenbach et al., 2020). These defaults may
not be ideal for all datasets and therefore the user can
modify the default cutoff parameters to suit their spe-
cific purposes or protocols.

2.1.3 | Preparation of data for ‘hit’
identification

The primary aim of this tool is to enable users to quickly
identify candidate compounds or extracts for further
evaluation, as an initial step in the discovery process.
Usually, these candidates, often called ‘hits,’ are identi-
fied by determining which experimental Tm values fall
outside N standard deviations from the average control
Tm value (Douse et al., 2015; Hanley, 2019; Malo
et al., 2006; Martin-Malpartida et al., 2024; Zhang
et al., 1999), that is, determination of which compounds
have resulted in statistically significant shifts in the Tm
of the protein of interest. An alternative method for hit
identification is to detect compounds that shift the native
protein Tm by a fixed temperature range (e.g., more than
2�C) (Dai et al., 2015; Douse et al., 2015; Scholle
et al., 2021). To this end, the metrics of the number of
degrees from the control mean and the number of stan-
dard deviations from the control mean are calculated for
each experimental well. The option to identify hits via
this methodology is available to the user in the compan-
ion ShiftScan Viewer tool.

These strategies are predicated on the assumption
that the Tm values of the controls follow an approxi-
mate normal distribution (Coma et al., 2009; Goktug
et al., 2013). However, we noted that this assumption
may not always be true in practice. Using the Shapiro–
Wilk test for normality from scipy (Shapiro & Wilk, 1965;
Virtanen et al., 2020) (ɑ = 0.05), a survey of the same
500 assay plates used previously showed that only
88 plates (17.6%) had control Tm values that followed
a normal distribution (i.e., 57 out of 242 for Protein A,
and 31 out of 258 for Protein B) (Dataset S1). Wells or
subcurves that failed were not included in these calcu-
lations. Similarly, the average range of control Tm
values for Protein A and Protein B were 3.3�C (∓2.9�C)
and 5.2�C (∓7.9�C), respectively (Table S1). Such a
wide range of Tm values observed in the controls
makes establishing a reliable, robust standardized cut-
off for hit determination problematic. We could not find
a sufficient number of additional, publicly available
datasets to determine if this was a phenomenon exclu-
sive to our assays. We therefore erred on the side of
caution which led us to explore alternative strategies
for hit identification when control Tm values do not fol-
low a normal distribution: First z-scores are calculated
for all Tm values per plate. If the Tm z-score of an
experimental well falls outside the range of control Tm z-

scores for a given plate, it is flagged as a potential hit.
The user can then adjust this range (e.g., Hit
Tm = control range ± N% of the control range) to apply
more stringent hit criteria. The data processing stage
ends with the identification of control Tm z-score maxima
and minima per plate, and this third hit identification option
is available in the companion ShiftScan Viewer tool.

Finally, four output files are generated:

A. ‘Final_results.txt’: A table that details data for each
subcurve isolated from a well such as the final Tm,
modeled Tm, the difference between these two
values, the subcurve amplitude, the well z-score as
well as all other data such as parent plate, well, and
compound (if experimental).

B. ‘Final_curves.txt’: Co-ordinates for original curves
and subcurves identified per well per plate.

C. ‘Plate_report.txt’: A summary of how many control
wells failed per plate, where they are situated, and
the errors in the event of failure. By default, any
plate that has 8 or more failed control wells is
marked as a failed plate, but the user may opt to
modify this parameter.

D. ‘Potential_problems.txt’: A small summary of wells
that repeatedly fail across plates. We found this use-
ful to identify potential automated pipetting issues.

These files can be manipulated directly by the user
for their own statistical analyses and hit identification,
or as input for the companion visualization and hit iden-
tification tool; ShiftScan Viewer.

2.1.4 | Data visualization with ShiftScan
viewer

Processed data can be viewed and manipulated by the
user for the identification of hits. Upon initializing ShiftS-
can Viewer, the user is greeted with four tab options.
The first is the ‘Plate overview’ (Figure 2a) which
includes a visualization of the plate report file that
details control wells that failed and why, and the poten-
tial problem file which identifies wells that repeatedly
fail in 3 or more plates. The second tab, ‘Control over-
view’ (Figure 2b), includes three graphs; the first shows
the distribution of all control Tm values per plate, the
second shows the distribution of control Tm values that
passed quality control, and the third provides a view of
the control curves per plate and whether they passed
or failed the quality control criteria. The third tab, ‘Melt-
ing temp overview’ (Figure 2c), displays the data in a
384-plate format. The wells can be colored by the Tm
or z-score of each well. The greatest absolute value is
displayed when two or more subcurves are present in a
well. The user can hover over a well to access addi-
tional metadata or click on a well to produce the corre-
sponding curve.

WATERWORTH ET AL. 5 of 13
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In the fourth tab, ‘Hit list’ (Figure 2d), the user is
presented with a table of hits as defined by default
parameters on the left of the screen. Counts of the total
number of hits, the number of stabilizing hits (i.e., the
Tm is increased in the presence of the compound/frac-
tion), and the number of destabilizing hits (i.e., the Tm
is decreased in the presence of the compound/fraction)
are displayed above the table. To the left are a variety
of parameters that the user may change which will alter
the final number of hits. These include the choices for
how to define hits (the newly developed z-score
method described here, N standard deviations away
from the control mean Tm, or N degrees away from
the control mean Tm), the acceptable relative ampli-
tude of the experimental curve (relative to the average
control amplitude), and whether they would like to see
all hits, only stabilizers, or only destabilizers. Clicking
on a row in the table will trigger a pop-up to the right,

displaying two graphs. The first graph shows the origi-
nal data as a dotted gray line with the isolated sigmoi-
dal subcurve(s) in color (termed “Subplots” here) The
second graph presents the first derivative of the data,
where subcurve Tm value(s) are marked by a blue line
and the average control Tm for the plate is marked by
a red line. Additionally, a user may opt to delete a pre-
dicted hit from the list by clicking the small gray cross
to the left of the row. Finally, the user may generate all
curves associated with hits by clicking the ‘Generate
all curves’ button (Figure 2e), or a summary of the hits
which includes their distribution and breakdown by
plate and fraction combination (Figure 2f). Following
the user’s modifications the final list of hits can be
exported and downloaded to their local computer by
clicking the “Export” button above the table of hits.
Similarly, images of all figures can be exported in Por-
table Network Graphics (PNG) format by clicking the

F I GURE 2 The ShiftScan Viewer companion tool offers comprehensive data exploration features. (a) The ‘Plate overview’ tab summarizes
control well failures for each plate and lists wells that have failed in three or more plates. (b) The ‘Control overview’ tab visually presents control
Tm value distributions before and after quality control and displays the individual control curves per plate, colored according to whether they
passed or failed quality control. (c) The ‘Melting temp overview’ tab allows users to view data in a plate format (wells can be colored by Tm or
z-score), providing additional information and graphics by hovering over or clicking on a well. (d) The ‘Hit list’ tab enables users to choose and
adjust hit definition parameters, where clicking on a row produces two graphs: the original and first derivative curves with associated subcurves.
(e) The ‘Generate all curves’ button creates a matrix of all curves currently in the hit list. (f) The ‘Generate summary graphs’ button produces a
distribution plot of hits, controls, and non-hit experimental Tm values, and two bar plots breaking down the hits by plate and fraction.
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small camera icon that appears on the top right-hand
side of the figure when a user hovers over the figure in
question.

2.1.5 | Disk-intensive mode

The default mode of ShiftScan is highly efficient for
systems with ample RAM, making it ideal for pro-
cessing hundreds of plates quickly. For systems
with limited memory, ShiftScan can be run in a disk-
intensive mode, which writes intermediate files to
disk to conserve RAM. This mode is slower and will
use a larger portion of disk space but ensures
equally accurate results without overloading the
user’s system’s memory. In this mode, each plate is
loaded and processed as described above, how-
ever, intermediate output is written to appropriate
files. Intermediate files are deleted upon processing
completion leaving only the four output files as gen-
erated by the default RAM-intensive mode. Differ-
ences in performance between the two modes are
detailed in Section 2.3.

2.2 | Installation and basic usage

Detailed instructions for installation and usage can be
found in the ShiftScan GitHub repository: https://github.
com/samche42/ShiftScan. Briefly, the repository files can
be cloned or copied to the user’s local machine, and a
conda environment can be created and initiated contain-
ing all dependencies necessary for ShiftScan to run. At a
minimum, the user will be required to specify the folder in
which the input files can be found, the associated meta-
data, and where to place the resultant output files. There
are several additional parameters that the user can
adjust, such as the location of controls, quality control cut-
offs, and the desired smoothing factor. Default values are
provided for all parameters and are detailed in the GitHub
repository. Demonstration data is included in the GitHub
repository. This is to help users adhere to the necessary
data formatting guidelines and ensure that the algorithm
and visualizations function as intended.

In addition to this command-line implementation of
the algorithm, we have made two additional implemen-
tations available for those less comfortable with the
command-line interface: ShiftScan and the associated
ShiftScan Viewer are also available in the form of a
Google Colab notebook (Link) and a graphical user
interface (GUI)-based application (Link). It is strongly
encouraged that users refer to the Github repository for
usage instructions. The application is the most user-
friendly but is significantly slower than the command
line version and is currently only available for MacOS.
The Google Colab notebook serves as an intermediate

solution, simplifying the command-line experience.
Users are encouraged to choose the implementation
that best aligns with their preferences and technical
expertise.

2.3 | SHIFTSCAN performance

Processing high-throughput data from DSF assays
poses significant challenges due to the large size of
datasets and the time required to transform raw data
into meaningful results. To address this, we implemen-
ted a multiprocessing feature in our algorithm. Further,
the algorithm is available in two modes: RAM-intensive
(default) and disk-intensive.

We evaluated processing time and RAM usage
across 4–16 CPUs for datasets comprising 20–200
plates for both modes. The RAM-intensive mode was
tested on an exclusive node on a high-performance
Linux-based computing cluster owing to the RAM
requirements (�20GB RAM for 200 plates). The disk-
intensive mode was tested on a personal MacBook Pro
laptop with 16 GB RAM and 8 cores available. Increas-
ing the number of CPUs improves overall processing
time in both modes (Figure 3a,b), however, we did note
an exponential decay in the average processing time
per plate in both modes (Figure 3a). This is likely due to
a combination of unavoidable serial steps in the data
processing (i.e., processing that cannot be parallelized)
and the overhead required to manage the increasing
number of processes, that is, the more processes there
are, the more communication and coordination between
processors is required, which can limit the efficiency of
the individual additional processors. The user is there-
fore advised to consider the balance between the num-
ber of CPUs deployed and the trade-off in efficiency
relative to the size of their dataset.

As expected, the default RAM-intensive mode is
significantly faster than the disk-intensive mode, pro-
cessing each plate in an average of 3.5 s—3.4 times
faster than the 12 s per plate in disk-intensive mode
(Figure 3a,b). Memory usage per plate in the disk-
intensive mode (0.01 GB ∓ 0.007) is approximately
10 times lower than the RAM-intensive mode (0.1 GB
∓ 0.002) (Figure 3c). In the default RAM-intensive
mode, memory requirements scale linearly with the
number of input files, averaging 0.1 GB per file
(Figure 3d). For example, processing 160 data files
from 384-well plates would require about 16 GB of
RAM. We recommend adding approximately 20% to
the estimated memory usage to account for system
overhead. The disk-intensive mode, designed for users
with limited computational resources, performs well,
requiring only an average of 0.83 GB (∓ 0.28 GB) of
memory regardless of the number of input files or CPUs
deployed (Figure 3d).
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Finally, the disk-intensive mode relies on intermedi-
ate files being stored on the hard drive. This mode
requires an average of 0.013 GB (12.67 MB) of disk
space per data file from a 384-well plate (Figure 3e).
The disk space scales linearly with the number of files
in the input dataset (Figure 3f), for example, processing
data from 200 plates in this mode will require approxi-
mately 2.6 GB of available disk space for intermediate
files.

2.4 | SHIFTSCAN benchmarking

We considered DSFWorld to be the state-of-the-art tool
due to its ability to assess curves following non-
canonical transition patterns and used it as a benchmark
to measure the accuracy of ShiftScan. To achieve this,
we ran DSFWorld using the example data and layout
provided on its website (https://gestwickilab.shinyapps.
io/dsfworld/). We selected all four available models for
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performed using datasets of 20–200 data files (increasing in increments of 20 files), across 4, 8, 12, and 16 CPUs. Each data file was taken from
a 384-well plate with an average of 256 temperature points. (a) Distribution of processing times per data file. (b) Total processing times for each
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colors for each dataset. Raw and smoothed data are shown for each dataset with dotted lines.
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sigmoidal fitting, instructed the algorithm to choose the
best fit for each dataset, and exported the plotted results
(Figure 4a). After exporting all predicted melting temper-
ature values (Dataset S2), we retained those identified
as the best fit for each well (Table 1, Dataset S2). We
then analyzed the same data with ShiftScan, using col-
umn 3 as the ‘controls’ since these represented canoni-
cal transitions.

ShiftScan successfully found double transitions in
the six wells in columns 1 and 2, and a single transition
in column 3 (Figure 4b). There was an average differ-
ence of 0.15�C in melting temperatures for each transi-
tion in columns 1–3 as predicted by the two tools
(Table 1). A two-tailed, paired T-test revealed that the
predicted Tm values from the two tools for these transi-
tions were not statistically significantly different
(p = 0.28, ɑ = 0.05). The data in columns 5–8 are
examples of noisy and inconclusive data. ShiftScan
successfully failed these wells: The smoothed data was
either recognized as following a negative trend or, if
any sigmoidal regions were detected, they were
removed due to the small relative amplitudes of these
sigmoid curves in comparison to the “controls”

(Dataset S2). Finally, ShiftScan successfully detected
the sigmoidal regions in data from column 4, however,
while these sigmoidal regions failed due to small rela-
tive amplitudes, visual inspection revealed that smooth-
ing of the data was not optimal. To assess whether the
small amplitudes of the curves (as a result of normali-
zation across all datasets) were problematic, we pro-
cessed the data for these three specific wells (A4, B4,
and C4) using only the Tm calling portion of the ShiftS-
can algorithm, that is, no comparison is made with con-
trol wells (please see Jupyter notebook for full detailed
code: https://zenodo.org/records/13838488, DOI: 10.
5281/zenodo.13838487). In all three cases, the sigmoi-
dal regions were adequately smoothed, and the pre-
dicted Tm values matched those obtained with the
DSFWorld algorithm (Figure S2). These results suggest
that the issue with fitting the data may be due to inap-
propriate normalization across datasets that should not
be analyzed together as a single plate, rather than a
limitation of the algorithm in identifying the sigmoidal
region. Finally, DSFWorld predicted double transitions
(i.e., two Tm values) for wells A3, A4, B3, B4, and C3,
as highlighted in Table 1. Although the source of these

TAB LE 1 Comparison of melting temperatures predicted by DSFWorld and ShiftScan using example data taken from the DSFWorld
website.

Well Condition

DSFWorld results ShiftScan results Difference?

Best fit Tm1 Tm2 Tm1 Tm2 Tm1 Tm2

A1 Compound1_0uM_Protein1 Fit 3 47 58.7 47.2 59.2 �0.19 �0.51

A2 Compound2_0uM_Protein2 Fit 4 44.6 70.3 43.6 70.1 1.03 0.22

A3 Compound3_0uM_Protein3 Fit 3 60.6 48.8 48.9 �0.10

A4 Compound4_0uM_Protein4 Fit 4 66.5 71.1 Failed

A5 Compound1_0uM_Buffer Fit 1 43.8 N/A Failed

A6 Compound2_0uM_Buffer Fit 1 31 N/A Failed

A7 Compound3_0uM_Buffer Fit 3 31 69.4 Failed

A8 Compound4_0uM_Buffer Fit 1 31 N/A Failed

B1 Compound1_12.5uM_Protein1 Fit 4 51 62.7 50.9 63.3 0.11 �0.55

B2 Compound2_12.5uM_Protein2 Fit 2 47.8 N/A 48.7 74.2 �0.92

B3 Compound3_12.5uM_Protein3 Fit 4 52.8 64.8 53.3 �0.47

B4 Compound4_12.5uM_Protein4 Fit 3 72.4 85 Failed

B5 Compound1_12.5uM_Buffer Fit 1 85 N/A Failed

B6 Compound2_12.5uM_Buffer Fit 4 40.4 61.5 Failed

B7 Compound3_12.5uM_Buffer Fit 2 46.4 N/A Failed

B8 Compound4_12.5uM_Buffer Fit 1 85 N/A Failed

C1 Compound1_25uM_Protein1 Fit 4 54 65.7 54.2 66.4 �0.18 �0.74

C2 Compound2_25uM_Protein2 Fit 4 51.3 77 50.9 77.3 0.37 �0.25

C3 Compound3_25uM_Protein3 Fit 4 55.9 68.1 55.8 0.08

C4 Compound4_25uM_Protein4 Fit 2 75.2 N/A Failed

C5 Compound1_25uM_Buffer Fit 1 31 N/A Failed

C6 Compound2_25uM_Buffer Fit 2 48.5 N/A Failed

C7 Compound3_25uM_Buffer Fit 1 59.8 N/A Failed

C8 Compound4_25uM_Buffer Fit 2 43.2 N/A Failed

Note: Cells highlighted in red indicate second Tm values reported for transition patterns that appear to follow a canonical trend.
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double transitions is unclear, since the modeling
appears optimal (Figure 4a), we assumed that users
would need to filter out such values through visual
inspection of their data. However, visual inspection is
impractical for high-throughput data. In contrast, ShiftS-
can predicted only a single transition with an associ-
ated Tm value for wells A3, B3, and C3, which aligns
with our expectations and negates the need for user
inspection of all data.

Finally, we assessed a dataset of two 384-well
plates sourced from the KNIME workflow (Samuel
et al., 2021) (https://github.com/loicsamuel/knime-tsa-
analysis/tree/main) using ShiftScan and the KNIME
workflow. Repeated attempts were made to analyze
the same, appropriately formatted, data with DSFWorld
but each attempt resulted in either an “Ajax error” or
being disconnected from the server. The developers
were contacted about the issue, but we had received
no response at the time of submission.

Using default parameters, ShiftScan successfully
processed both plates in approximately 2 min, and the
KNIME workflow (using parameters as set out in the

tutorial) successfully processed the two plates in
approximately 40 min. A comparison of the predicted
Tm values for non-failed wells from both plates showed
an average difference of 1.05�C between the two tools
(Dataset S3). A two-tailed, paired T-test revealed that
the predicted Tm values from the two tools for these
transitions were statistically significantly different
(p = 4.62�28, ɑ = 0.05). A correlation analysis of Tm
values generated by the two tools reveals a strong,
positive linear relationship (R2 values of 0.979 and
0.967 for the two plates, Figure S3a), suggesting that
the two tools produce highly similar trends in Tm esti-
mates. However, ShiftScan consistently yields slightly
higher Tm values (Figure S3b), indicating a systematic
offset rather than random variation. This difference in
Tm value estimates may be a result of the order of
operations by which these two tools differ in the data
processing, that is, the KNIME workflow smooths and
then normalizes the data, whereas ShiftScan first nor-
malizes the data and then applies the smoothing func-
tion. As hit identification is a relative function of well Tm
values, and the patterns are consistent between the

F I GURE 5 Comparison of Tm values in plates (a) 10,001 and (b) 10,002, as taken from the KNIME public dataset as assessed in the
KNIME workflow (left) and ShiftScan (right). Failed wells are indicated in light gray for the KNIME workflow and in black for ShiftScan.
Continuous color scales for Tm value estimates are provided for each tool’s output.
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two approaches (Figure 5), we believe that this differ-
ence is negligible.

3 | CONCLUSIONS

Prioritizing active compounds is a crucial step in drug
discovery. DSF offers a rapid, scalable method for pri-
mary screening. However, traditional data analysis
methods are not adequate for the scale of data from
high-throughput DSF. ShiftScan addresses this gap by
quickly and accurately predicting melting temperatures
(Tm) from thousands of DSF curves, accommodating
both canonical and non-canonical melting curves. Its
built-in quality checks reduce false positives compared to
conventional modeling, thereby enhancing reliability. The
companion tool, ShiftScan Viewer, further empowers
researchers to visually inspect and refine their data,
making ShiftScan a valuable asset for drug discovery
scientists.
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