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ABSTRACT: Machine learning (ML) has brought significant technological innovations in many fields, but
it has not been widely embraced by most researchers of natural sciences to date. Traditional understanding
and promotion of chemical analysis cannot meet the definition and requirement of big data for running of
ML. Over the years, we focused on building a more versatile and low-cost approach to the acquisition of
copious amounts of data containing in a chemical reaction. The generated data meet exclusively the thirst of
ML when swimming in the vast space of chemical effect. As proof in this study, we carried out a case for
acute toxicity test throughout the whole routine, from model building, chip preparation, data collection, and
ML training. Such a strategy will probably play an important role in connecting ML with much research in
natural science in the future.

Keyword: machine learning, toxicity test, high-throughput experimentation, inkjet printing, enzyme
reaction chips

HER chip HERimage ML OUTPUT

Abstract Graphic: A highway between toxicity perception and machine learning (ML). In a built
highway, a sample was imaged by numerous enzyme reactions on a high-throughput chip (HER chip); and
its information on acute toxicity was rapidly perceived on a trained CNN model. Here, the simple and
effective HER chip just likes a high-speed rail for transportation of data between matter and ML.
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Introduction

The relationships between things are the important objects of natural science research. Researchers have
created various research methods and means to reveal and quantify these relationships (1-3). After hundreds
of years of development, it seems that we have built a powerful knowledge system. While we also found that
most of the system is apt to describe the direct relations in some very simple phenomena. There is a primary
fact that most natural processes are controlled by the interactions of numerous factors. Some typical
examples are the reaction effects caused by the complex relationships, such as environment pollutions (4, 5),
health risk assessment (6), catalytic effects (7), toxicity (8), etc. Therefore, the exploration of these complex
relationships plays a decisive role in accurately grasping many natural laws in the future. It is also the
inevitable development direction of natural science. At present, there are not many strategies for scientists in
this direction, and particularly are those being adopted by ordinary researchers conveniently.

In recent years, machine learning (ML) has been developing rapidly. In many areas including business
and society management, the ML application has achieved a lot of meaningful innovation (9-11). This is due
mainly to some distinctive capabilities of ML, e.g., the outstanding performance on handling complex
systems that are hardly tamed on the base of existing knowledge (12-14). Most reaction effects are typically
complex processes, and we may use ML to explore the relationship between them.

In the course of understanding complex systems, the algorithm of ML, especially deep learning (DL),
mainly executes supervised training (15). The basic strategy is to collect and obtain a big database that
describes the research object, then to build a neural network consisting of numerous parameters
(generally >107), later to raise the model with training on the obtained data (15, 16). In this process, the
acquisition of a large amount of data is a key step. In today’s torrent of artificial intelligence, there has been
a good breakthrough in the algorithms and hardware for this kind of research. However, most of traditional
experiment technologies are costly and low-efficient in the acquisition of required big data. Therefore, the
method of efficiently obtaining the data of the research objects will be very important to implement the ML
strategy. Even researchers need further to break through the understanding of the concept of scientific data.
And be aware that the data used for ML may be quite different from the traditional scientific data, although
those two kinds of data may all come from the same research object.

To obtain the data for the application of ML, there are some new technologies being improved or created
in the future work. High-throughput experimentation (HTE) seems to be one of the best ways to meet the
demand. The HTE, appearing in its powerful abilities in parallel operations and data production, is being
adopted by some researchers (17). But we also see that today’s HTE technologies are developing towards
the expensive and the specialized, so that its recognition to most scientists is far less than that of the
traditional experimental technologies. Moreover, current HTE technologies are always pursuing the
miniaturization and parallelization of the routine experiments. It is very difficult to surpass the original
understanding of the research objects due to the same perspective. Hence when acting on the ML, most HTE
techniques just have to improve its tricks even principles.

One of smart HTE technologies is ink-jet printing technology (1JP) (18). The 1JP usually uses the CMYK
model (referring to cyan, magenta, yellow and black) to combine different chemical factors by regulating the
accurate output of each ink (19). Viewing from a point of chemical operations, we can state that the essence
of the IJP is a super-efficient operation to fulfill the transport of reactants. Relying on the IJP, plenty of
parallel reactions will be established on a planar carrier by precise positioning of chemical or biological
substances, which will generate a large amount of reaction data in a moment (18, 19). Sophisticated IJP
experiments have great potential to meet the data needs.

Following the above exploration strategy, some specific cases will be implemented to evaluate its
performance. Considering experimental conditions and technical reserves of our laboratory in recent years,
we will try to explore the relationship between acute toxicity (Ac-tox) and enzyme reaction, and verify the
effectiveness of the ML approach.

The Ac-tox is an important factor in comprehensive evaluation in many areas including environment, food,
medicine, biology, etc. (8). Currently, general Ac-tox tests almost involve biological indicators, including
fish (20), mites (21), algae (22), microorganisms (23) or other biomarkers (24). The overall experiments
follow a route containing many tedious operations of continuous culture and analysis. When evaluating
some samples with complex composition, researchers often select some typical toxicants (e.g. mercuric

chloride, 3,5-Dichlorophenol, etc.) as reference substances to reflect the bio-toxicity indirectly (25). These
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traditional methods usually involve excessive costs in terms of instruments and time, and also hinder the
presentation of Ac-tox test in many cases.

In the testing techniques of Ac-tox, LBAT test (luminescent bacteria acute toxicity test) is a smart and
typical one. This technique is highly sensitive to most toxicants in a short running time. And that, the
enzyme action and the chemical condition in the test are also similar to that in many higher mammals (4, 5).
In a LBAT test (25), a sample was mixed completely with the diluent of luminescent bacteria. The
intracellular luciferase (Luc) in bacteria was damaged by toxicants, and the bioluminescence was inhibited.
Afterwards, the Ac-tox was assessed by luminescent inhibition rate (LIR), referring to the
intensity variation in bioluminescence before and after being exposure to toxicants.

In the following work, we will try to build a simple and effective HTE bridge between Ac-tox test and ML.
The bridge, grasping the common properties of the data supplied from the HTE tests and that applied in the
ML algorithm, is capable of providing Ac-tox data to ML modelling quickly and massively. As emphasized,
the success of this work depends mainly on the following two points, how to operate a large quantity of
identifiable reactions, and how to build a proper ML model to apply these reacting data. Below, we will
elaborate more on the practices of our strategy.

Results

Overall scheme

In the experiment work of this paper, we focused on how to fast acquire the Ac-tox dataset, and also tried to
construct a suitable ML model to predict the Ac-tox. The particulars are as follows.

At first, following 1JP technology, a kind of high-throughput enzyme reaction chip (HER chip, Fig. 1A)
was prepared on a modified inkjet printer (Fig. S1). On the prepared chip, there are numerous varied
micro-reaction dots containing accurate default of 6 enzymes or chemicals (listed in Table S1), including
lead acetate, sodium citrate, glucose, glucose oxidase (GOD), catalase (POD) and 2, 6-dichlorophenol
Indophenol sodium (DCIP, a blue-violet azo dye). On a reaction dot, these reagents join in a given enzymatic
process that mainly refers to a glucose-oxidized reaction. The pivotal conversion is the oxidation of glucose
to form oxygen radical [O] in catalyzing of GOD and POD, and the acceleration of [O] on the decoloration
of DCIP. In the process of the chip preparation, we used a designed template (500>600 dpi, Fig. S2A) to
conduct the printer to distribute accurately reactant liquids on a selected PVC-substrate. Following
air-drying in room conditions, we obtained some chips consisting of about 2.5x10° reacting dots.

When the chips were used for testing, the tested sample, as a solution, was uniformly dispersed onto the
chip; and then, the enzyme processes in each dot on the chip would be activated or inhibited in varying
degrees. The reaction results were visually exhibited by the discoloration of DCIP. Taken as a whole, a
richly-colored image (named HER image, Fig. 1A) emerged on the HER chip. Due to the massive amount of
the toxicological response results on the chip the HER images recorded the Ac-tox information of the tested
sample in an inapprehensible style.

For collecting a sufficient number of HER images for the later ML, we selected 4 typical toxicants as
original candidates for ink solutions (HgCl,, PbNOs;, Tet and SM2-Na, Table S2). All thousands of
distinctive toxic samples were produced with mixing precisely the fours in 1JP. This mixing process, also
including the enzyme reaction, actually takes place on the HER chip efficiently, and the results displayed on
the HER images.

What’s more, we also directly collected Ac-tox data of all toxic samples via a modified LBAT test (Fig.
1B). The basic operation of this approach was to integrate the bacteria onto hardware platforms, which was
inspired by existing luminescent sensors (26). The Ac-tox reaction between the sample and luminescent
bacteria was realized by another 1JP operation. Here, toxic samples as inks were printed regularly on several
nutrient plates for culturing luminescent bacteria uniformly. And the change of the luminescence intensity
(F1) on the plates was recorded by continuous photographing. In the end, the calculated LIRs (ranging from
0 to 1) as Ac-tox data were provided for the next ML section.

Eventually, a convolutional neural network model (15) (CNN, Fig. 1C) was adopted to perform regression
analysis between the achieved HER images and LIR data. The learnable parameters of the model were
iteratively adjusted by an error-backpropagation algorithm. The performance of the trained CNN was tested
by using new HER images (test set) as the input to the network. The predicted LIRs were compared with the
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factual ones to estimate prediction accuracy.

Producing HER images

Preparing a greater quantity of HER chips is a foundation for building the ML dataset. We thoughtfully
designed a combined template composed of 2020 HER chips (Fig. 2SB). Under the guidance of this
template, a batch of 400 HER chips was produced in an IJP cycle. After 4 cycles, 1600 HER chips (ie.,
4>400) were obtained.

On these chips, how to make them accurately and rapidly react with the test samples was also a technical
challenge. In such situations, the 1JP, as an efficient means of distributing material, still was a good choice.
In details, we designed a sample template (Fig. 3A) that contained 400 individual recipe units (arranged as a
20>20 matrix) consisted of three C/M/Y layers. The intensity of these three colors was directly related to the
concentration of ‘inks’ in a unit. When loading several toxicant solutions in separated cartridges on a printer
(assembled rules see in Table S3), it is accessible to create larger numbers of different test toxicants (ratios
listed in Table S9) on all specified units with the guidance of the template software. When these units are
precisely set to 1600 chips (Fig. S3B), we got the same number of HER images (Fig. S4 and Table S5)
followed performing a large batch of reactions and scanning them.

The richness and diversity of the information on HER chip are worth investigating. In Fig. 2A, the pattern
on a HER chip changed before and after reacting, which was attributed mainly to all the differences of
abundant reaction dots on the chip. As to the reaction course on dots (Fig. 2B), the GOD and POD were
inactivated by Pb?* and Hg?*, and then the fading process of the dye (DCIP) was inhibited. This process may
be tuned by pre-existing substances on HER chips (such as Na-Citrate, Tet, SM2-Na), or others in the
samples. Then bring out a result of the diverse enzyme reactions.

The information in HER images involves at least three aspects. The first is the distribution of pattern and
color, which is unique for a given test sample. The second is derived from the specific chemicals at any dots
of a HER chip. When we got a HER image, the specific chemical conditions will clarify quite a few temper
of the enzymatic reaction. The third kind of information grows out of the cluster of numerous HER images,
which is capable of connecting magically many seemingly-unrelated factors. When an image was digital
(Fig.3C), these kinds of information are exhibited as 3 color dimensions (RGB, Red, Green, Blue) of pixels.
And each dimension is quantified in a range of 0 to 255 (0 corresponds to black, 255 to white). These RGB
values indirectly reflected the toxicity characteristics of test samples, which are the data basis for the later
ML modelling.

Collection of LIR data

Although the LBAT test usually more available than others, it is still a time-consumed and costly operation,
especially for testing thousands of samples. Thus, rapidly getting the Ac-tox data is important for us to
enhance the efficiency of data acquisition.

In this case, we once again introduced the 1JP tool into the improvement of the LBAT test. For some steps,
we took advantage of its ability to transfer matter efficiently. In practice, before toxic reacting, the
luminescent bacteria was prepared into a bio-ink and evenly printed on 4 plates (Fig. S5A). The medium
was covered with bacteria uniformly released blue-green light at 450-490 nm in the dark, forming
bioluminescence substrates. After the toxics directly act on the substrate, the luminescence process might be
inhibited, and the FI variation was visually recorded on the plates. Here, by adopting the same toxic
combination with Table S3, the given 1600 samples were printed on 4 bio-substrates following the layout of
another template (Fig. S3A). To accurately record the fluorescence changes on whole substrates, they were
immediately placed in a light-proof incubator for taking continuous pictures (Fig. S5B). Ultimately, the
Ac-tox of all samples would be evaluated by the brightness variation of the collected luminescent photos
(Fig. 3).

For toxicity assessment, we refer to an existed standard of luminescent bacteria tests (25). By
analogy with the calculation in the standard, the LIR was calculated by the variance rate of the gray level at
each reacting cells throughout the photos. Besides, for optimizing an appropriate reaction time for the
Ac-tox evaluation, an experiment referring only to the 4 toxicants (HgCl,, PbNO3, Tet or SM2-Na) was
carried out. And detailly, they were in sequence printed and cultured according to own templates (Fig. S6),

and implemented a full coverage from 0 to 100% of concentration. By observing the gray evolution of these
4



189
190
191
192
193
194
195
196
197
198
199
200
201

202
203

204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228

229
230
231
232
233
234
235
236
237

4 strips, we found their gray no more changed within 5 to 30 min. This indicated that the Ac-tox actions of
the toxicants on the luminescent bacteria completed within 5 min. Here, we chose the photos of the reaction
time of 5, 15 and 30 min to calculate the data of the LIR (see Method section for calculation details), and
listed them in Table S9.

Prediction of Ac-tox in CNN
A CNN model based on regression calculations (see in Table S7) was used to predict the Ac-tox. Selecting
CNN as a ML model is compatible with the obtained data in image style. We found that CNN is good at
extracting local features of images, and capturing the difference of these features in RGB values sensitively
(10). Correspondingly, CNN possesses the potential for exploring the non-linear relation between LIR and
HER images. In the CNN structure used in this study, the key functional blocks of machine learning are
convolution layers and below nonlinear activation function.
{J/,-:ijz:j Xj+b; o
yl'.= max(y,, 0)

Where x and y are input and output vectors, respectively; and w and b are synaptic weights and biases,
respectively (11). Where yli is an activation function (ReLU) for neurons in the hidden layer of the network.
The ReLU could avoid “gradient disappearing” during the computing processes (27). The principle of
training a traditional network is to continuously optimize the network in w (and b) (11); this means a lot of
training time in learning parameters. However, CNN can reduce the parameters in the training process
through sharing weight and shrinking convolution kernels(15). The error-back-propagation algorithm can
match the prediction value and factual value to the closest degree(11, 28). And the trained framework is
capable to avoid over-fitting problem by introducing dropout layers (reducing the dimension via eliminating
the relevant parameters) and regularization layers (10, 28).

At training stage of the CNN, the previously-acquired HER images and LIR data were served as a dataset.
All the HRE images (GRB format) were adjusted to a size of 100x<100 dpi and uniformly deducted
background values. In Fig.4, when a HER image is taken as the input, the network first processes the images
through multi-rounds of convolution, ReLU nonlinearity, and max pooling layers. And then the predicted
LIR value (regularized to 0 to 1) is output through a fully-connected layer.

The predictive accuracy for LIR was evaluated using root mean squared error (RMSE) and the coefficient
of determination (R?) of test set via linear regression. As shown in Fig. 5A, the RMSE is 7.5% and the R?
value is 0.9203 without overfitting, which means we obtained a satisfying result on the regression of the
HER images and the LIRs. A confusion matrix for classification (5 levels, Fig. 5B) is drawn based on the
prediction results of the test set. Each element (i, j) of the matrix represents the probability of predicting
class j given that the true Ac-tox class i (Table S9). The accuracy rate for the classes of median-toxic,
severe-toxic, and highly-toxic reached 87.6, 73.7, and 93.9%, respectively; but only 4.5 and 56.5% of the
predictive accuracy rate for the classes of non-toxic and low-toxicity. This may be due to the small number
of the training data in these two levels limiting the performance of the CNN. Additionally, we randomly
selected 50 new samples to verify the prediction accuracy on a small set (Fig.6). It can be found that only 6
out of 50 samples were predicted to outliers (prediction levels deviate from the real ones), and that the biases
are only one level.

Discussion

The execution of our experiments benefited from the introduction of the IJP technology to prepare the
high-density HER chips. Millions of independent micro-reactions were constructed easily by using a precise
combination of reagents on a two-dimensional plane. Over the years, we have been bending ourselves to
explore this technology, named chemical neural network chip (ChNN) in our lab habitually. On the other
hand, in the field of analytical chemistry, the synthesis of numerous color (or fluorescence) indicators have
accumulated lots of knowledge and products. They are contributing a treasure trove of creating many novel
HTE detectors. Therefore, 1JP and indicators inspire us to stare other biochemical effects. For example,
Brady's team reported in Nature (Sep., 2017) that certain compounds produced by the intestinal flora had

5



238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290

potential physiologic role in humans (29). Following our experimentation to combine 10° magnitude of
nutrient conditions, a proper HTE chip for surveying intestinal floras will promptly expand the searching
space and simplify the experimental means. In addition, there are many important reaction processes in the
field of environment or medicine. We can also build large-scale combinatorial systems for exploring huge
space of more reactant types and conditions. This maybe accelerates us make new interpretations for the
biological and chemical reaction relying on a large effect database.

At the same time, we are also thinking: what is the implicit link between HER images and the
toxicological effects? This link may be derived from their commonality in the inhibition of the enzyme. The
commonality is usually so complex that, to date researchers hardly find specific mechanisms to accurately
describe it. However, we find increasingly that a neural network with millions of nodes may be a good
describer of a complex effect. In other words, we can digitally describe a complex chemical process using a
network with sufficient depth and breadth. Whereas, to successfully train this huge network, a satisfactory
data set is necessary. Here, researchers can refer to the data amount of this work, about 1.6x10"" points, (ie.,
10® points <1600 chips). Practically, the tech-nodus for introducing ML in some natural science often lies in
how to gather sufficient datasets.

Here, we selected only 4 typical toxicants and their mixtures to build an Ac-tox database. Choosing such a
small-scale dataset is more conform to the focus of current work, verifying the feasibility of the proposed
strategy and experimentation. And while conducting constructions of many new devices and algorithms, a
reasonable exploration in a small and complete data space will be affordable for us in terms of time cost.
Obviously, the experimental operation of this study did not limit the variety of substances to be explored. It
is foreseeable that mixtures with more-complicated components will also follow this pathway smoothly. For
instance, beverages, drugs, urine, and they are the ordinaries in natural science.

What is worth mentioning, the obtained HER images pose formatted patterns following the precise
control of the conditions at each dot on the chip. This is obviously different from usual image datasets
supplying ML, such as these pictures of cancer pathology, fundus scans, or street view. These databases
often contain at least thousands to millions of pictures, which are much larger than the training set in our job.
But it needs to be pointed out that the amount of effective information in these images is too low. One vivid
description is that the ordinary images are similar to some stone bombs collected from various places, but
well-conceived images are modern standard ammunitions. For the “ML cannon”, their efficiency will be
very different.

In this study, lots of bio-effect data were easily produced by HER chips. But we can say humorously that
these data are “useless”. That is, we hardly extract directly the toxicological info from the HER images only
with the existing knowledge system. Nevertheless, it is because we do not pursue “common-sense
understanding and application” of data that allows us to focus more on creating cost-effective and efficient
ways of data acquisition. This starting point may also be an appropriate strategy for machine learning to
explore various scientific issues in the future. Because there are still too few databases that are directly
understood by human and meet the appetite of ML.

Briefly, we have initially attempted to establish machine learning approaches of exploring the
relationships among complex reaction processes. And adopting a smart experimentation of luminescent
bacteria, we demonstrated the validity and efficiency of CNN modelling. The key to this approach is
creating powerful means to actively produce mass of new data to describe the research objects. Also, the
introduction of ML may provide other researchers a new thought for the study of other complex reaction
effects.

Materials and Methods

All of the chemical reagents listed in Table S1-2 were (analytical grade, > 99%) purchased from Aladdin
Sigma-Aldrich. Photobacterium phosphoreum (T3 spp.) was purchased from Nanjing Institute of Soil
Science. A white PVC plate (A4, Guangzhou Chongze Tech. Co.) was used as the printing substrate. A
commercial ink-jet printer (R230 printer, Epson Company) was reformed. An image scanner (S48) was
purchased from Plustek Technology Co., Ltd., China. A high-sensitivity CCD camera (A75, Canon
Company) that can be controlled by a computer was used to record FI variations of luminescent bacteria.

Reform of ink-jet printer
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A commercial ink-jet printer was reformed. It has the advantages of high accuracy, multiple channels,
non-contact, and no heating (ensuring bio-ink activity). As shown in Fig. S1, the paper entry mechanism of
the printer was modified as a fixed-platform 1 and it has a positioning slot 3 that can fix the substrates. Then,
the printer’s driveline was modified. That is, the printing head 6 is reciprocated along a horizontal guide rail
5 under the control of an additional stepping motor 7, while it can also advance along a vertical guide rail 4
at a constant speed. Additionally, the printing head has six cartridges refer to color channels of C/M/Y. When
working, the cartridges are emptied to be applied to fill solutions containing enzymes or chemicals (Table S
1to 2).

Producing HER images

Preparation of printing solutions

For preparing the HER chip, 6 solutions containing enzymes or chemicals were adopted, including
(CH3sCOO),Pb, sodium citrate, POD (>300 units/mg), GOx (>100 units/mg), Glucose and DCIP (see in
Table S1). A series of precursor solutions were prepared in given concentrations respectively. Particularly,
the surface tension of the inks is adjusted to ensure the normal operation of the printer. Here, ethylene glycol
monobutyl (DGBE) was added to lead acetate, sodium citrate, glucose, and DCIP, respectively. For the
preparation of GOD or POD ink, PEG-20000 and tert-butanol were added to the enzyme solution (1 mg/mL
of protein) in phosphate buffer (pH 7.5, 50 mM) (19). All inks were adjusted to exactly match the original
ink (~45dyn mL™).

Design of HER-Chip template

In Fig. S2A, single HER-chip template is designed as a rectangle (500>600 dpi) composed of 6 color layers,
in which CMY refers to three inks: regular cyan, magenta, and yellow. According to the color distribution
(pre-set CMY values), layers 1-3 indicates that the output of each ink ranged 0-100% in steps of 1%, while
the inks on layers 4-6 are in a constant output of 100%. All the layers were corresponded to the enzymes (or
chemicals) as listed in Table S1. At last, this CMY model will generate a color space theoretically containing
2.5%10° dots by various combinations of these layers. Besides, a composition template containing 400 HER
chips also was designed in Fig. S2B. The chips are spatially arranged in a 20>20 matrix, and each one is
made up layers 1-6. By printing 4 pages (one page 400 chips), 1600 HER chips were parallelly prepared.
Design of sample template

A sample template (Fig. S3a) contained 20>20 individual recipe units was designed, and each unit
(10.0<10.0 mm) represents a mixed sample of 3 toxic compounds (selected from Table S2). All CMY layers
in the template respectively contain a subtle linear-gradient of color (ranged from 0-100%) in different
directions. By arranging multiple inks in the template (assembled rules see Table S3), 1600 mixed-samples
were formed and printed.

Preparation of HER chip

In a typical step, the cartridges were washed with distilled water and ethanol, and 6 inks (listed in Table S1)
were added to the cartridges. The selected PVC substrate was placed smoothly on 1, and fixed at a
designated location. During printing, the nozzles were guided by the composition template (Fig. S2B) to
print the inks on the substrate. Specially, by stacking the layers, 6 inks in Table S1 were combined along
certain distribution directions and quantities. For in-situ mixing of the reactants on the HER chip, the
obtained HER chips were sprayed with pure water in an ultrasonic actuator (droplets with size of about 3 to
5um) followed by air-drying. Then, all the resulting chips were placed in an airtight vessel with deoxidant in
the dark.

AC-tox reaction between HER chip and samples

All the Ac-tox reactions between the HER chip and sample were carried out by positioning overprinting
(shown in Fig. S3B). Before reacting, 4 toxic compounds (HgCl,, PbNOs, Tet and SM2-Na, listed in Table
S2) were prepared into a series of solutions (in 2% NaCl), and added to the cartridges as original inks.
Meanwhile, one of the prepared substrate comprised of 400 HER chips was placed and fixed on 1. During
printing, the 4 toxicant solutions as ink were distributed accurately following the guidance of the template in
Fig. S3A. Wait for the chip to dry (wait about 30 seconds), the 1600 HER images (see in Fig. S4) are
accurately scanned by a commercial laser scanner.

Collection of AC-tox data
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Preparation of nutrient plates

A classically formulated Sea Water Broth (SWB) culture medium was prepared as the nutrient plate. SWB
contained: yeast extract, 2.5¢g; tryptone, 2.5¢g; Na,HPO, 12H,0, 6.3 g; KH,PO,, 0.5g; NaCl, 15 g; agar, 10g
and pH 6.8-7.2 in 400mL distilled water. The obtained mixed suspension was sterilized in a sterilizer at
394 K for 20 minutes, and then was evenly distributed to four rectangular glass dishes (10><10 cm), cooling
to room temperature. Then, these obtained nutrient plates were preserved in a sterilizer box for later use.
Preparation of luminescent bacteria diluent

Freshly prepared Photobacterium phosphoreum (T3 spp.) was quantitatively inoculated into a SWB medium
(200 mL, without agar), and then it oscillated for 14 h at 293 K in a constant temperature shaker for further
replication. Then, the reconstituted bacterial suspension (1.0x<10® cells mL™ luminous bacteria) was
diluted (10:1) as a bio-ink for the latter LBAT test.

Modified LBAT test

In preparation, four prepared 1010 cm nutrient plates were placed on the designated areas of a sterile glass
plate, and 5 mL of bio-ink was added to the cartridge. Then, the bio-ink was uniformly printed on the plates
forming bio-substrates, and wait for 4 hours to make the bacteria to light steadily.

Next, the toxicity test still was applied on above substrates (see in Fig. S5). Four sample templates are
arranged parallelly on these substrates, each substrate corresponds to 20>20 samples. According to the
assembled rules in Table S3, aforementioned HgCl, etc. toxic solutions (Table S2) as original inks once
again were respectively printed on the substrates, appearing 1600 reacting cells. Then, a high-sensitivity
CCD camera was used for continuous photographing (One shot every 1 minute, continuous shooting 12
hours) and a series of bio-luminescence photos (Fig. 3) were acquired. Shooting parameters see in Table S6.
In addition, a blank control experiment on regions without printing toxicants was conducted simultaneously.

LIR Calculation

Average gray values of all the reacting cells on pictures in Fig. 3 were extracted using Matlab. Variance
rate of gray level on the same cell at various times (t = 0, 5, 15, 30 min) was used to represent the LIR of the
sample. The calculation process as follows:

Calculate the luminous intensity correction factor (fy:-value) from the measured gray value using Equation
(1). This factor is used to correct the initial values I of all the samples before they are used as reference
values. It can be used to correct the luminescence intensity change of CK regions (only luminescent bacteria
without printing the samples) due to the evaporation of water from the medium.

G
fi= é (1)

Where fi is the luminous intensity correction factor, Gy is the average gray value of CK regions at t = 5,
15 or 30 min, Go is the average gray value of the CK region at t = 0 min.

Ger= fie X G (2)

Where G¢; is the corrected value of G, before the addition of the test sample.

The LIR using Equation (3):

LIR% =42 x100% 3)

Ct
Gt is the average gray value at t = 5, 15 or 30 min after the Ac-tox reaction. LIR is luminescent inhibition rate

of one of the samples. Here, at different shooting time pictures, the average gray values of the same samples
were extracted from the same reacting cells. Similarly, LIRs of other samples were calculated by the same way.
And finally only the data of t = 15 min were used as the label for HER images.
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Fig. S1. The reformed ink-jet printer.

Fig. S2. Design of printing templates.

Fig. S3. Design of sample template; and application of the Ac-tox reactions.
Fig. S4. Obtained 1600 HER images.

Fig. S5. Collection of LIR data.

Fig. S6. Gray variations on the luminescence images.

Table S1. Configuration of inks on a single HER template Table S2 Shooting parameters.
Table S2. List of 4 toxic compounds.

Table S3. Assembled rules of 4 toxic compounds on the sample template.
Table S4. Physical properties of candidate print substrates.

Table S5. Coding numbers of 1600 HER chips (or images).

Table S6. Shooting parameters.

Table S7. Detailed architecture of CNN.

Table S8. Ac-tox evaluation standard.

Table S9. LIR data and sample composition.

Table S10. LIR data for training set (80%).

Table S11. LIR data for test set (20%)
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493

494  Fig. 1 Scheme for constructing a strategy between Ac-tox prediction and ML. (A) Preparation of the HER
495  chip by IJP; and the HER image was received after the chip reacting with the test sample. (B) A modified
496  LBAT test for collecting LIR data. (C) CNN for LIR prediction. At the training stage, the HER images and
497  LIR data were as the training set. At the testing stage, some HER images of unknown samples as input, and
498  their LIRs were predicted by the trained CNN.
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Fig. 2 (A) Obtained 1600 HER chips and appearance of a HER chip/image. (B) The enzymatic process in a
dot on chip. Process 1 to 3: GOD catalyzes the oxidation of b-D-glucose into D-glucono-1, 5 lactone, and
generates an equivalent amount of H,O,. Then, DCIP is catalyzed by POD in the presence of H,O,,
exhibiting a dye-fading process (due to the C-N double bond in the structure of DCIP is broken by [O]). In
process 4, GOD and POD are inactivated partly by Pb®*, which inhibits the process 1-3. While Pb?*
combined with the citrates, the Pb** transforms into Ci,H10014Pbs, and then, oppositely, 1-3 will be
protected. In the meantime, the toxic compounds (TCs) in the sample maybe participate in all the process
1-5 (red dotted line), activating or inhibiting the 1-3. (C) Color dimensions of the HER image. In our
experiment, the number can reach about 10°,
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Fig. 4. CNN framework for Ac-tox prediction based on HER images. The network is a regression-based
CNN architecture. Data flow is from left to right: a HER image (N0.0001 as a case) is taken as the input, the
network first processes the image through five rounds of hidden layer, including convolution, ReLU
nonlinearity, and max pooling layers. Then, the data flow through two fully-connected, ReLU and
dropout-regularization layers. The output layer will give out the predicted LIR. Meanwhile, 5 toxicity grades
also are as output in this CNN framework.
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