Supplemental material

Calibration-Free Ca? Detection by Lg-GFET Sensor and
Machine Learning

In order to evaluate the selectivity of the sensors, we also tested the output and transfer curves after incubation
with Ba*, K*, Mg? and Na* aqueous solutions (10 mg/L). The responding results are shown in Figure S1, in which
Alus/las0 was calculated by using the same method give in the manuscript (section 3.2). It can be seen that there are also

responses to Ba*, K¥, Mg? and Na, but their Alss/Iws0 valus are relatively lower than Ca?, indicating that the devices
have a good selectivity for Ca?".
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Figure S1. The selectivity of the sensor. (A) The calculated Alas/Iuso at Vas=0.8V on the output curve
which measured after Ba?*, K*, Mg?* and Na* solutions dropped. (B) The calculated Alus/Iws0 at Vene
on the transfer curve which measured after Ba?*, K*, Mg?* and Na* solutions dropped. The error bar
represents the standard deviations (n=4).

The main code of training transfer curve to get LR, SVR, DTR and RFR models was shown in below, the code for
training the output curve is similar.

1. Divide data set

split= StratlfledShuffleSpllt(n splits=1, test_size= B 2 random state 42)
for train_index,test_index in split.split(data,data["divide”]):
strat_train_set=data.loc[train_index]
strat_test_set=data. luc[test 1ndex]

en(strat_train_ set))
,len(strat_test_ set))
Z THfdivide#
for set_ in (strat train_set,s

print(

t_test_set):
set_.drop(“divide”, axis=1, inplace=True)

# AL

data_process=strat_train_set.copy()

corr_matrix=data_process.corr()

print (" #BIEZ EIHCAR", corr_matrix)

attributes = ["Vg", "IdsChg", "Con"]

# L

data_ml_train_sample=data_process.drop(“Con",axis=1)

data_ml_train_target=data_process["Con"].copy()

# Wit

data_ml_test_sample=strat_test_set.drop(“Con",axis=1)

data_ml_test_target=strat_test_set["Con"].copy()

#

", len(data_ml_test_sample))



2.  LinearRegression

lin_reg=LinearRegression()
lin_reg.fit(data_ml_train_sample,data_ml_train_target)
joblib.dump(lin_reg,ml_path+"transfer_lin_reg.pk1") #7747
transfer_lin_reg=joblib.load(ml_path+"transfer_lin_reg.pk1")#/i#£ %
Lin_Con_Predictions=transfer_lin_reg.predict(data_ml_test_sample)
lin_mse=mean_squared_error(data_ml_test_target,Lin_Con_Predictions)
lin_mae=mean_absolute_error(data_ml_test_target,Lin_Con_Predictions)
lin_r2=r2_score(data_ml_test_target,Lin_Con_Predictions)

MSE[ "4 {Emse” ]=1in_mse

MAE[ "4 1EMAE" ]=1in_mae

R2["#k#R2" ]=1in_r2

print("&MEE", 1in_mse)

err=pd.DataFrame()

bs(Lin_Con_Predictions-data_ml_test_target)

B TR EoaTE0r a7 >8]

num=| |
for i in range (0,9,1):
num.append(((err[0]>=i)&(err[@]<i+1)).values.sum())

print (" numffj 4

lin_y=[]

for i in num:
lin_y.append(100%i/len(data_ml_test_sample))

print("lin_y",lin_y)

# color="red" REHFHLE

plt.bar(x,1in_y,align="edge",color="red", alpha=0.5)

plt.xlabel("Abs(error)”)

plt.ylabel( ' Proportion(%)")

plt.grid(True)

save_fig(sensor+" B4 tUlbar (") #/4R77 A LR

plt.show()

,len(num))

3. Support Vector Regression

# SLAFIIRE
svr_param_grid=[

{"kernel”:['linear’, ‘poly’, 'rbf']},

{'degree’:[1,3,5],'C':[0.1,1,5], "epsilon’:[0.1,0.7,1]}
1
svm_reg=SVR()
svr_grid_search=GridSearchCV(svm_reg, svr_param_grid, cv=5, scoring="'neg_mean_squared_error’,

return_train_score=True)

svr_grid_search.fit(data_ml_train_sample,data_ml_train_target)
print (" SCRFFRFEARAEMZH: ", svr_grid_search.best_params_)
joblib.dump(svr_grid_search.best_estimator_,ml_path+"transfer_svr_reg.pk1") #4774
transfer_svr_reg=joblib.load(ml_path+"transfer_svr_reg.pk1")#/## 7
svm_reg_Predictions=transfer_svr_reg.predict(data_ml_test_sample)
svm_reg_mse=mean_squared_error(data_ml_test_target, svm_reg_Predictions)
svm_reg_mae=mean_absolute_error(data_ml_test_target, svm_reg_Predictions)
svm_reg_r2=r2_score(data_ml_test_target, svm_reg_Predictions)

MSE[ " 2 5[ fik [/ IMSE " ]=svm_reg_mse

MAE [ "S55 5 7] IMAE " ]=svm_reg_mae

R2[ " L 4F[f Bk JAR2 " ] =svm_reg_r2

parameter [ " SCFF[ R[IHZ4" |=svr_grid_search.best_params_

print ("4 RHEmse", svm_reg_mse)

svm_reg_err=pd.DataFrame()

svm_reg_err[@8]=abs(svm_reg_Predictions-data_ml_test_target)

num=[ ]

count_all=pd.DataFrame()

for i in range (0,9,1):
element=(((svm_reg_err[@]>=i)&(svm_reg_err[0]<i+1))).values.sum()
num. append(element)

print("num”,num)

svr_y=[]

for i in num:
svr_y.append(100%i/len(data_ml_test_sample))

print(“"svr_y",svr_y)

plt.bar(x,svr_y,align="edge",color="orange",alpha=0.5)

plt.xlabel("Abs(error)")

plt.ylabel( ' Proportion(%)")

plt.grid(True)

save_fig(sensor+"svriiifilbarf") #4772

plt.show()

print(“MSE",MSE)



4.  Decision Tree Regression

df=pd.DataFrame()
dtr_param_grid=[

{'max_depth' :[1,5,10], 'min_samples_split': [1,5,10]}]
decision_tree_reg=DecisionTreeRegressor ()
dtr_grid_search=GridSearchCV(decision_tree_reg,dtr_param_grid, cv=5, scoring="neg_mean_squared_error’

return_train_score=True)
dtr_grid_search.fit(data_ml_train_sample,data_ml_train_target)
print("DTRE:&IEMZEL: ", dtr_grid_search.best_params_)
joblib.dump(dtr_grid_search.best_estimator_,ml_path+"transfer_dtr_reg.pk1") #/Z47H4
transfer_dtr_reg=joblib.load(ml_path+"transfer_dtr_reg.pk1")#//# %
decision_tree_Predictions=transfer_dtr_reg.predict(data_ml_test_sample)
decision_tree_mse=mean_squared_error(data_ml_test_target,decision_tree_Predictions)
decision_tree_mae=mean_absolute_error(data_ml_test_target, decision_tree_Predictions)
decision_tree_r2=r2_score(data_ml_test_target, decision_tree_Predictions)

parameter [ " 5154 " |=dtr_grid_search.best_params_

df=pd.DataFrame()

df[“test_target”]=data_ml_test_target

df["test_predictions"]=decision_tree_Predictions

df . to_csv(ml_path+sensor+" 5 M2 i [ BV S5 R . csv ")

print( "y a1 mse : ", decision_tree_mse)

erri=pd.DataFrame()

err1[@]=abs(decision_tree_Predictions-data_ml_test_target)

#2:bar

num=[ ]

count_all=pd.DataFrame()

for i in range (0,9,1):
element=(((err1[@]>=i)&(err1[0]<i+1))).values.sum()
num.append(element)

print(“num”, num)

dt_y=[]

for i in num:
dt_y.append(160*i/len(data_ml_test_sample))

print("dt_y",dt_y)

# edgecolor="blue" it

plt.bar(x,dt_y,align="edge",color="blue",alpha=0.5)

plt.xlabel("Abs(error)”)

plt.ylabel( ' Proportion(%)")

plt.grid(True)

save_fig(sensor+" iebiilbarE") #4717 AR

plt.show()

5.  Random forest regression

# R
rf_param_grid=[
{'min_samples_split': [2,5,10]}
1
random_forest_reg=RandomForestRegressor ()
rfr_grid_search=GridSearchCV(random_forest_reg, rf_param_grid, cv=5, scoring="'neg_mean_squared_error’,return_train_score=True)
rfr_grid_search.fit(data_ml_train_sample,data_ml_train_target)
print("RFRIZGIEMZE: ", rfr_grid_search.best_params_)
joblib.dump(rfr_grid_search.best_estimator_,ml_path+"transfer_rfr_reg.pk1") #/4 7747
transfer_rfr_reg=joblib.load(ml_path+"transfer_rfr_req.pk1") £/
forest_reg_Predictions=transfer_rfr_reg.predict(data_ml_test_sample)
forest_reg_mse=mean_squared_error(forest_reg_Predictions,data_ml_test_target)
forest_reg_mae=mean_absolute_error(data_ml_test_target, forest_reg_Predictions)
forest_reg_r2=r2_score(data_ml_test_target, forest_reg_Predictions)
MSE["forest_reg_mse"”]=forest_reg_mse
MAE [ "BliHLARFKMAE" ] =forest_reg_mae
R2[ "HibLARHR2" ]=forest_reg_r2
parameter [ "BiHL&A[H 24" |=rfr_grid_search.best_params_
print ("Bl B mse: ", forest_reg_mse)
err2=pd.DataFrame()
err2[0]=abs(forest_reg_Predictions-data_ml_test_target)
num=[ ]
count_all=pd.DataFrame()
for i in range (0,9,1):
element=(((err2[8]>=i)&(err2[8]<i+1))).values.sum()
num.append(element)
print(“num”, num)
rf_y=[]
for i in num:
rf_y.append(108xi/len(data_ml_test_sample)) #
print("rf_y",rf_y)
plt.bar(x, rf_y,align="edge",color="green",alpha=6.5)
plt.xlabel("Abs(error)")
plt.ylabel( ' Proportion(%)")
plt.grid(True)
save_fig(sensor+"BibLMbbar {") #4717 A Er
plt.show()
#LEL4
pd.concat((pd.DataFrame([MSE]),pd.DataFrame([MAE]),pd.DataFrame([R2]),pd.DataFrame([parameter]))
,axis=0).to_csv(ml_path+sensor+" # MU 5Tik fi.csv")
output_result=pd.DataFrame()
output_result=pd.concat((pd.DataFrame(x),pd.DataFrame(lin_y),
pd.DataFrame(svr_y),pd.DataFrame(dt_y),pd.DataFrame(rf_y)),axis=1)
output_result.to_csv(ml_path+" #5415 % F 4y L




