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ABSTRACT: Inkjet printing of m-conjugated organic compounds enabled rapid, low-cost generation of training images for image-
based machine learning (ML) prediction of mixing ratios. ML models with mean absolute errors below 4% were achieved within
hours even for dyes with subtle color differences. Changing the printing surface from filter paper to polypropylene film extended the
method to colorless compounds, including isomeric and macrocyclic systems. This approach also enabled spatial mapping of sub-
microgram levels of Zn?* ions using a weakly responsive colorimetric sensor, without the need for a spectrometer. This work demon-
strates a simple, versatile strategy for integrating m-conjugated materials with ML in colorimetric sensing and mixture analysis.

Machine learning (ML) has become an indispensable tool in
chemical science, contributing to data analysis,' property pre-
diction,? and automation of synthesis.> While various ML archi-
tectures are available, model accuracy largely depends on the
quality and quantity of training data. In chemistry, such data are
typically derived from experiments or theoretical calculations.
When large datasets are needed for high-performance models,
ML predictions may offer limited practical benefit. Although
high-throughput equipment can generate extensive datasets,*
their cost remains a barrier. Thus, developing cost-effective
methods to acquire sufficient training data is essential for
broader ML adoption in data-driven chemistry.

We recently developed an image-based ML system capable
of predicting the mixing ratios of various compounds, including
organic/inorganic, crystal polymorphs, and enantiomeric mix-
tures, with reasonable mean absolute errors (MAEs) of ~5%.°
This system has also been applied to monitoring solid-state re-
actions by predicting yields and product compositions.® While
this non-destructive, equipment-free method is promising, the
training data acquisition remains labor-intensive. In the

prototype, model construction required ~300 images, each gen-
erated from 200 mg of sample, and a new model was needed for
each compound or reaction. The most time-consuming step was
the manual preparation of mixtures at different ratios.

Inkjet printers have been widely used in chemical research to
deposit small amounts of chemicals at predefined locations,
particularly for organic electroluminescent devices,” microsen-
sor arrays,® and microfluidic systems.” Our group has applied
this technology to create paper-based sensor arrays for the high-
throughput analysis of pH, metal ions, and small molecules.'’ A
key advantage of inkjet printing is its ability to rapidly and re-
producibly generate multi-component mixtures at varying ratios
using minimal sample quantities. Based on this, we addressed
the bottoleneck of training data acquisition in image-based ML
for mixing ratio prediction. Here, we report an efficient protocol
to generate up to 260 images on an A4-sized sheet, each con-
taining 6.0~100 pg of sample, using a commercial inkjet printer.
A pilot study with m-conjugated chromophores, pyrocatechol
violet (1) and alizarin red S (2), printed on filter paper achieved
high prediction accuracy (MAE = 3.7%), comparable to



manually prepared datasets. Using polypropylene sheets ena-
bled accurate ML prediction for colorless compounds. The
method was also extended to dyes with similar colors, cis/trans
isomers, and macrocyclic systems. Furthermore, combining
ML with a n-conjugated metal ion sensor allowed mapping of
sub-microgram Zn*" on paper, without a spectrometer.
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Figure 1. (a) Loading of chromophores 1 and 2 into the cyan
and magenta ink slots. (b) Schematic representation of training
data generation using a color code template and inkjet printing.
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Figure 2. (a) Observation-prediction plot for the weight fraction of
chromophore 1 in mixtures with 2. (b) Representative images with
predicted and ground truth values of ratio of 1, where ground truth
was defined by the color template.

An inkjet printing protocol was established to efficiently gen-
erate mixtures of two chromophores, 1 and 2, at varied ratios.
Each was dissolved in water (4.00 g/L) and loaded into the cyan
(C) and magenta (M) ink slots (Figure 1a) of a commercial
printer (Canon iP2700'!; resolution: 4800 X 1200 dpi). Mixing
ratios were controlled via the CMYK color model using a Py-
thon-generated color code template (see Supporting Infor-
mation (SI), Figure 1b, S1, S2). The template consisted of 260
squares (1 x 1 cm) arranged in a 13 x 20 grid on an A4-sized
sheet at 600 ppi resolution (Figure 1). The color of each square
area was defined by setting the C and M values to x and y, re-
spectively (0 < x, y < 100%), representing the mixing weight
ratio of 1 to 2 as x/y. When x + y = 100%, the total sample
amount in each area was approximately 6.4 pg/cm?,

Chromophores 1 and 2 were inkjet-printed onto A4-sized fil-
ter paper (Whatman Grade 1) with mixing ratios satisfying x +
v =100%. The printed sheet was scanned at 600 dpi using an
EPSON GT-X830 scanner, and digital images were saved as
TIFF files. Using a Python script (see SI), each of the 260
square was cropped into an individual image named
cropped_image_z.tiff, where z donates the row-major index. Of
these, 100 images were used to train the convolutional neural
network (CNN) model for softmax regression, referred to as
Model 1 (details are provided in SI), which is a minor modifi-
cation of our previously reported model.’ Prediction accuracy
was evaluated using another 100 images, and the results are
shown in the observation—prediction plot (Figure 2). The MAE,
root mean squared error (RMSE), and coefficient of determina-
tion (R?) for predicting the weight ratio of 1 were 3.7%, 4.9%,
and 0.97, respectively, comparable to models trained with man-
ually collected data. Importantly, the inkjet protocol was mark-
edly more time- and cost-efficient. While the prototype required
several days to collect ~300 training images by weighing each
sample on a 200 mg scale, the inkjet method generated up to
260 images per sheet within a few hours.

The versatility of the trained ML model was further evaluated
using alternative data preparation methods. Although training
images were generated by overprinting 1 and 2 on filter paper,
reasonable accuracy was achieved even with pre-mixed solu-
tions (MAE: 7.7%, RMSE: 9.8%, and R*: 0.85; Figure S8). The
model also maintained comparable performance across a sam-
ple loading range of 3-7 pg/cm?, despite being trained at 6.4
pg/cm? (Table S1).

While training data for mixing ratio prediction of chromo-
phores were successfully generated by inkjet printing on filter
paper (Figure 4a,b), the same approach proved ineffective for
colorless compounds. When salicylic acid (3) and acetylsali-
cylic acid (4) were inkjet-printed at 10 pg/cm?, the resulting ML
model (trained with 100 images) yielded poor accuracy (MAE
=24%, RMSE = 28%) on 100 test samples, indicating a marked
drop in performance. The images of 3 and 4 appeared virtually
indistinguishable to the naked eye. To overcome this, we opti-
mized the printing surface for colorless compounds using mix-
tures of 3 and 4.

Table 1. Prediction accuracy of ML models for the mixing ratio
of 3 in mixtures with 4, using various printing substrates.

Printing surfaces MAE RMSE R?
(WVhV:tiﬁfﬂfré’Z‘éfn 0-24 0.28 -
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When black copy paper was used for inkjet printing, solutions
of 3 and 4 penetrated the substrate, producing negligible visible
changes, similar to filter paper. ML-based mixing ratio predic-
tion with these images failed. Although a previous report'?



highlighted the effect of paper thickness on colorimetric analy-
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Figure 3. (a) Prediction accuracy for the mixing ratio of salicylic @ >
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Based on the pilot studies, we further evaluated the ML sys- 2 b ¥ o
tem using various compound mixtures (Figure 4). Methyl or- B 200e5 w3’ RusSE: 0.087
ange (5), which appears similar in color to 1 when inkjet-printed . . * o * R%: 0.90
on filter paper, was more difficult to distinguish than mixtures ;go//‘; gg‘,f; 0 20 40 60 80 100
of 1 and 2. The ML model predicted mixing ratios of 1 and 5 Ground truth (wt%)
with MAE = 3.9%, RMSE = 5.1%, and R* = 0.97 (Figure 4a).
2,2'-Dihydroxyazobenzene (6), an azo dye, is known to degrade Figure 4. ML Prediction results for component ratio analysis of
into colorless o-aminophenol (7).!* This dye—degradation prod- (a) 1 from mixtures of 1 and 5, (b) 6 from mixtures of 6 and 7,
uct pair also yielded accurate prediction via inkjet-printing and (c) 8 from 8 and 9, (d) 10 from 10 and 11.

(MAE = 4.7%, RMSE = 6.2%, and R?> = 0.95), suggesting po-
tential utility for monitoring azo dye degradation. Fumaric acid



(8) and maleic acid (9) are trans/cis isomers that interconvert
via photo-/thermal isomerization.'* Due to their colorless nature,
ML-based mixing ratio prediction was conducted using samples
printed on polypropylene. An ML model trained with 100 im-
ages (7 overprints, ~70 pg each) achieved MAE = 4.3%, RMSE
=5.7%, and R* = 0.96 on 100 test images.

Well-known supramolecular hosts, a- and y-cyclodextrins
(10 and 11; containing 6 and 8 glucose units, respectively),
showed minimal visual difference when inkjet-printed. An ML
model trained under standard conditions (polypropylene, 1
printing cycle, ~10 pg/image) predicted their mixing ratios with
MAE = 7.0%, RMSE = 8.7%, and R? = 0.90. Prediction errors
increased above 80% composition of either component, while
higher accuracy was observed in the 30—70% range, likely due
to crystallization of cyclodextrins at higher purities altering the
appearance of printed solids. When o-, m-, and p-aminophenols
(7, 12, and 13) were printed using the cyan, magenta, and yel-
low ink slots, respectively, mixing ratio prediction in a three-
component system was achieved. An ML model trained with
100 images showed limited accuracy (MAE = 13%), but ex-
panding the training set to 400 images improved the prediction
for 7 (MAE = 7.4%, RMSE = 9.8%, and R? = 0.92). Predictions
for 12 and 13 showed similar accuracy (Figure S23). This result
underscores the inkjet protocol’s advantage in enabling addi-
tional training through rapid, low-cost generation of mixture
images.

The image-based ML system expanded the applicability of a
metal ion sensor with limited colorimetric response. Chromo-
phore 14 binds Zn?' in solution, causing visible absorption
changes." The detection limit by UV-vis spectroscopy in
CHxCly/methanol (v/v 1:1) was 4.6 uM (Figure S7). However,
detecting sub-microgram levels of Zn?* with 14 printed on filter
paper was difficult due to minimal visible color change. To con-
struct an ML model, methanol/water (v/v 3:1) solutions of 14
(2.0 mM) and Zn(OAc),*2H,0 (4.0 mM) were loaded into the
cyan and magenta ink slots. A total of 100 training images were
printed with Zn*" amounts from 0 to 6.2 pg per image (0-2.00
equivalents relative to 14). These 100 images were used to train
the CNN model for positive value regression, referred to as
Model 2 (details provided in SI) from our previously reported
model.®

An observation—prediction plot with 100 test images gave a
prediction accuracy of MAE = 0.78 ug/cm?, RMSE = 1.0
pg/cm?, and R? = 0.64. Since increasing the training set showed
minimal improvement, we next examined printing resolution.
Lower the resolution enhanced accuracy, with 150 ppi yielding
MAE = 0.52 pg/cm? RMSE = 0.75 pg/cm?, and R* = 0.84 (Ta-
ble S10). Previous report noted that bothexcessively high and
low resolutions cause inhomogeneous printing.'® In our case,
performance improved down to 150 ppi, but declined at 72 ppi,
likely due to suboptimal droplet spacing and mixing. Using 200
training images at 150 ppi, we achieved MAE = 0.39 pg/cm?,
RMSE = 0.55 pg/cm?, R? = 0.90, and a Zn*" detection limit of
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0.96 pg/cm”.

Given the sufficient sensitivity of inkjet-printed 14 to Zn**
ions at the microgram scale, we applied the ML system to visu-
alize Zn*'-distribution on paper. A sensor sheet with 260
squares (5.2 pg/cm? of 14) was printed on A4-sized filter paper.
Zn*" ions (600 pg total, 6.0 pg/cm?® average) was sprayed as a
methanol solution of Zn(OAc), - 2H,O using a mister. After dry-
ing, no visible difference was observed between sprayed and
non-sprayed areas, but ML-based mapping clearly revealed the

Zn**-distribution, matching the sprayed pattern (Figure 5). No-
tably, this approach expand the detection range of 14 without
requiring an expensive spectrometer.
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Figure 5. (a) ML-predicted Zn** content using inkjet-printed sensor
14. (b) Sensor sheet immediately after Zn** solution spray. (c)
Scanned image after drying. (d) Zn?** distribution map generated by
ML.

The inkjet printing protocol enabled cost- and time-efficient
generation of training images for image-based ML prediction of
mixing ratios. Various m-conjugated chromophores, including
dyes with similar colors, were successfully used, achieving
MAEs below 8%. By changing the printing surface, the method
was extended to colorless compounds. The developed ML mod-
els show potential for monitoring cis/trans isomerization, quan-
tifying macrocyclic ring size selectivity, and analyzing multi-
component mixture. Zn>* ion detection using inkjet-printed sen-
sor 14 demonstrated that ML can extend the utility of sensors
with limited sensitivity or subtle colorimetric responses, with-
out requiring expensive spectrometers. Given the wide variety
of chromophores with intrinsic properties such as stimuli-re-
sponsiveness, guest inclusion, and light emission, this protocol
offers a promising bridge between traditional organic chemistry
and machine learning. Then, the ML system with inkjet-printed
compounds could be applied as a quick and cost-effective ana-
lytical tool for reaction yield estimation, trace metal ion detec-
tion, and monitoring of chromophore degradation.
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