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Supplementary Information Text

Candlestick Charts 
Invented in early 1700s by Japanese rice trader Sokyu Honma candlesticks charts have
been around for a very long time for tracking price of commodities (1). In present time
these charts are heavily used in stock market for visualizing share prices. A single block
of candlestick chart shows the variation of price for a period of time (5 minutes, 1 hour
etc.). It has two parts, a body (red or green part) and a wick (line coming out of body).
The top of wick shows the highest price whereas the bottom of wick shows the lowest
price of the share for some time period.  Candlesticks are of two types bullish (green) and
bearish (red) (see Fig S2). Depending on the type of the candlestick the top and bottom of
candle shows the open and close price of that time period. In the case of green candle the
bottom shows open price and top shows closing price, but, the opposite is true for a red
candlestick.

In our case, one candlestick represented the data for one day. In every candlestick the
open was taken to be the first reading after or on 12:00:00 AM and the close was taken to
be the last reading before or on 11:59:59 AM. The high and low were the highest and
lowest resistance values for the day respectively.

Calculation for the temperature compensation factor

The temperature compensation factor ( α ) was calculated by extracting the highest and
lowest temperature and resistance values from the resistance graph of plant 1 in second

iteration of the experiment and putting those values in the equation α=
Rref−R
R (T−T ref )

(2).

The value of α  was calculated in two cases. First when the resistance was rising and
temperature was falling and second when the resistance was falling and temperature was
rising (See Table S1 and S2). The mean of all the alpha values was calculated which gave
us  the  final  temperature  compensation  factor  ( α=0.0141/°C )  that  we  used  for
calculating  the  variation  in  charge  carrier  concentration  in  the  media  in  our  second
experiment.



Table S1: Resistance and temperature values extracted from the resistance graphs when 
the resistance is increasing in the night cycle.

Rising Resistance and Falling Temperature

R(Ω) T (°C) Rref (Ω) T ref (°C) α=
Rref−R
R (T−T ref )

/° C

19827 14.15 18970 17.57 0.0126

20132 14 19344 16 0.0196

20368 13.44 19593 15.9 0.0154

20729 13.36 19741 16.11 0.0173

21490 13 20329 15.81 0.0192

21667 13.25 20727 15.9 0.0163

21749 13.9 20747 16.57 0.0173

21732 14 20708 16.9 0.0162

21901 14 21154 16.8 0.0122

22175 14 21262 16.8 0.0147

Mean 0.0161



Table S2: Resistance and temperature values extracted from the resistance graph when 
the resistance is falling in day cycle.

Falling Resistance and Rising Temperature

R(Ω) T (°C) Rref (Ω) T ref (°C) α=
Rref−R
R (T−T ref )

/° C

19344 16 19827 14.15 0.0135

19593 15.9 20132 14 0.0145

19741 16.11 20368 13.44 0.0119

20329 15.81 20729 13.36 0.0080

20727 15.9 21490 13 0.0127

20747 16.57 21667 13.25 0.0134

20708 16.9 21749 13.9 0.0168

21154 16.8 21732 14 0.0098

21262 16.8 21901 14 0.0107

21484 16.9 22175 14 0.0111

Mean 0.0122



Figure S1 :  Candlestick charts are used for visualizing price trends of stocks. A single
candlestick represents the price variation in a time period (e.g. 5 mins, 10 mins, 1 hour)
by visualizing four price values, open, close, low and high. It has two parts body and
wick. Body represents open and close prices,  and wick represents lowest and highest
values of that period. Candlesticks are of two types based on open < close (green and
bullish) and open > close (red and bearish).
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Figure S2. Raw data for experiment 1 with linear fitting and R2 scores. A higher R2 score
can be interpreted as good health for the plants and vice versa.



Figure S3. This figure shows the anomaly detection algorithm at work. The top graph
shows the resistance data collected from plant and the bottom graph shows the decision
score calculated by k – Nearest Neighbor (k-NN in red), Local Outlier Factor (LOF in
green) and One-Class Support Vector Machine (OCSVM in blue) algorithms (3). A high
decision score means an anomalous behavior is  being shown by the plant  that  could
indicate stress. However, for a normal behavior a very low decision score is seen.



Figure S4. This figure shows the plants after the completion of first experiment. It can be
observed that first plant didn’t show any fungus growth and its resistance characteristic
didn’t show any anomalies either, 3rd plant showed a decline in resistance and after that
fungus growth could be seen on it, 4th plant showed a anomalous behavior in the middle
of the experiment and later got the fungus growth. On the other hand, 5 th plant showed an
anomalous behavior in between the experiment,  but,  later on it  again became normal
meaning it could fight off the stressors which can be confirmed from its growth which
was the highest among all the plants. 



Figure S5.  This figure shows the original electrical resistance, reconstructed electrical
resistance, calculated kNN decision score and LSTM Reconstruction error for the plants
1, 3, 4, and 5. The LSTM autoencoder was trained on the scaled electrical resistance data
of plant 1 (19185 samples) and then stress was predicted on the resistance data of other
plants.
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Figure S6. This figure shows the grown colonies on plate count agar from the soil sample
which was used to stress the plants in iteration 2 of the experiment. Here, the orange
colony can be identified as Serratia marcesens.



Figure S7.  This figure shows the architecture of  Long Short-Term Memory (LSTM)
autoencoder used for the anomaly detection in the manuscript.
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Supplementary Video File

The file (Anomaly Detection.mp4) contains the screen recording of the graphical user 
interface used to live detect the anomalies in the resistance characteristics of the plants.

Dataset S1 (separate file).

The  dataset  file  contains  the  experimental  data  for  first  and  second  iteration  of  the
experiment.
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