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Abstract. Accurate modeling of MOSFET characteristics is essential for analog circuit design, 

where designers commonly rely on SPICE simulations to predict transistor behavior under 

different bias conditions. However, repeated SPICE simulations can become computationally 

expensive during design exploration and optimization. This study investigates the feasibility of 

using simple regression-based machine learning models to approximate MOSFET Direct 

Current (DC) and small-signal characteristics obtained from LTspice simulations. Linear 

regression and second-order polynomial regression are used to model the relationships between 

the gate-to-source voltage (VGS) and two outputs: drain current (Id) and small-signal voltage 

gain (Av). Results show that polynomial regression achieves very high fitting accuracy. For the 

Id–VGS relationship, the coefficient of determination is approximately one, indicating that the 

quadratic model closely matches the simulated data within the studied operating range. For the 

Av–VGS relationship, the coefficient of determination improves from 0.920 to about 0.990, 

while the RMSE decreases from 1.53 dB to 0.55 dB. 
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1. Introduction 

With the continuous scaling of semiconductor technology and the increasing complexity of 

integrated circuits, accurate device modeling has become a fundamental requirement in analog and 

mixed-signal circuit design [1]. In recent years, machine learning techniques have also attracted 

growing attention in electronic design automation, where they have been explored for tasks such as 

modeling, prediction, and design acceleration [2]. Among these approaches, neural-network-based 

methods are particularly effective for modeling complex nonlinear relationships[3]. 

In actual circuits, people get our transistor properties from simulations done by SPICE like LTspice, 

and it gives us good guesses no matter what the biases are [4,5]. As for approximation issues brought 
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about by data: it is quite simple and straightforward to use classic regression methods such as 

polynomial. In the implementation stage people can take use of python’s scikit – learn libraries that 

has been standardized to carry out all regression and quantitation [6]. 

Regarding device-level modeling, the Berkeley Short-Channel IGFET Model (BSIM) is one of the 

most widely used compact models for accurate circuit simulation [7]. In the past few years other 

studies have applied machine learning techniques to MOSFETs as well, proving that transistor 

models could still be approximated with data-based methods [8]. And Machine learning has also 

been applied to compact MOSFET device modeling [9], demonstrating the feasibility of data-driven 

methods at the transistor level [10]. But most of the current work is about more complicated model 

or bigger dataset so it might not be applicable for a beginner's feasibility study. 

Objective of this paper is to find out whether simple regression-based machine learning model can 

approximate the SPICE MOSFET characteristics on small datasets. Not chasing after super complex 

architectures, instead making one whole, repeatable flow which contains making & prepping the 

data, training the model, assessing it and doing some visuals. The two transistor characteristics 

considered here are the drain-current as a function of VGS, and the small-signal voltage gain as a 

function of VGS . The aim is to compare the Linear Regression model with a Second Order 

Polynomial Regression model in order to see if simple machine learning techniques can sufficiently 

represent the non-linearity of transistor characteristics 

2. Related Background and Knowledge  

MOSFET is the basic building block of today's integrated circuits and their I-V characteristics are 

usually modeled by analytical expressions obtained from semiconductor physics [1]. In the 

saturation region, the current through the drain is about the square of the effective gate overdrive 

voltage, and the small signal parameters like transconductance. Output Resistance determines the 

voltage gain of an amplifier circuit[1]. Although the compact model like BSIM gives good results 

over a large operating range, it is very complex nonlinear equation and it needs to be iteratively 

numerically solved using SPICE simulator [4]. 

Or people can think about machine learning as another kind of treatment device like. If people have 

some set of inputs say bias voltages and geometries, along with the corresponding output, for 

example, drain currents or gains, then a machine learning (ML) model would learn this mapping 

from inputs to outputs without knowing any physical equations. The most basic one is linear 

regression, which assumes that there is a linearity. In polynomial regression people use the idea of 

adding higher order terms, which can allow for non-linearity [5]. Although neural networks are able 

to get very flexible as well, simpler regression models should suffice to show the basic feasibility of 

a model. 

This project uses the linear regression and second order polynomial regression because these two 

are very easy to implement and is good for small dataset. These are baselines to see if people can 

get close enough to an SPICE result using a ML model before trying other approaches. 



 

 

3. Data and Method 

3.1 Data 

Papers data set is coming out of doing an LTspice simulation on a MOSFET Amplifier circuit. VGS 

goes from 0.80 V all the way up till 1.60 V, every time it steps by 0.05 V. For every operating point 

people record some properties of our circuits such as the drain current (Id,), power consumption(P) 

and small signal voltage gain(Av). 

So people have a total of 17 samples describing how the output current is related to changes in the 

input voltage VGS.The resulting dataset contains 17 samples that describe the relationship between 

the input voltage VGSand the corresponding circuit responses. These SPICE simulation results are 

used as the reference values for evaluating the regression models. 

The dataset used in this study is summarized in Table 1, which lists the LTspice simulation results 

for different values of the gate-to-source voltage. 

Table 1 LTspice simulation results 

VGS (V) Id (µA) P (mW) Av (dB) 

0.8 5 0.025 -6.02 

0.85 11.25 0.056 -2.5 

0.9 20 0.1 0 

0.95 31.25 0.156 1.94 

1 45 0.225 3.52 

1.05 61.25 0.306 4.86 

1.1 80 0.4 6.02 

1.15 101.25 0.506 7.04 

1.2 125 0.625 7.96 

1.25 151.25 0.756 8.79 

1.3 180 0.9 9.54 

1.35 211.25 1.056 10.24 

1.4 245 1.225 10.88 

1.45 281.25 1.406 11.48 

1.5 320 1.6 12.04 

1.55 361.25 1.806 12.57 

1.6 405 2.025 13.06 

3.2 Method  

To approximate the relationship between the input voltage VGSand the circuit characteristics, two 

regression models are employed: linear regression and polynomial regression. 

Linear regression assumes a linear relationship between the input variable and the output variable. 

The model can be written as 

y=β
0
+β

1
x                                                                                       (1) 



 

 

where x represents the input variable VGS, y represents the predicted output (such as Idor Av), and 

β
0
and β

1
are the regression coefficients. 

However, transistor characteristics often exhibit nonlinear behavior. To better capture this 

relationship, polynomial regression is also applied. In this study, a second-order polynomial model 

is used: 

y=β
0
+β

1
x+β

2
x2                                                                                (2) 

This model introduces a quadratic term that allows the regression function to approximate 

nonlinear relationships between the input and output variables. The performance of the regression 

models is later evaluated by comparing the predicted values with the SPICE simulation results. 

4. Experimental Results and Discussion 

4.1 Modeling of Id–VGS Characteristics 

The Id–VGS characteristic exhibits a strong nonlinear relationship due to the square-law behavior 

of the MOSFET in saturation [1]. Figure 1 compares the fitted curves obtained using linear 

regression and second-order polynomial regression with the original LTspice data. 

 
Figure 1. Comparison of linear and polynomial regression for Id–VGS modeling. Source: Original. 

It’s also seen in the linear regression does not capture the curve of the Id-VGS when it gets higher 

gate voltage. On the contrary, the polynomial is sticking with all along its original data over this 

whole voltage range. The quantitative judgement is right. The linear model gets an R² of 0.9547 and 

the polynomial model achieves a perfect match for the data since it has an R²of 1 along with a zero 

MAE & RMSE. 



 

 

To show the prediction accuracy, the figure is scatter plot between real and predicted Id value in 

Figure 2. 

 
Figure 2. True versus predicted Id values for linear and polynomial regression models. Source: Original. 

Polynomial model points all sit right on the ideal diagonal, this verifies that it fits really well. It can 

be seen from this, that a simple second order model is enough to properly approximate the Id-VGS 

characteristic for fixed bias. 

4.2 Modeling of Av–VGS Characteristics 

The small-signal voltage gain Av exhibits a nonlinear dependence on VGS due to variations in 

transconductance and output resistance [1]. Figure 3 Fitted curve of Av-VGS by using Linear 

regression and Polynomial regression. 



 

 

 
Figure 3. Comparison of linear and polynomial regression for Av–VGS modeling. Source: Original. 

Av-VGS is even harder to model as compared to the Id - V GS case. Linear regression model can 

only make a rough estimate and polynomial regression model is more accurate than previous one. 

Performance metrics show that the linear model achieves an R² value of 0.9204, whereas the 

polynomial model improves the R² value to 0.9896 and reduces the RMSE from 1.5272 dB to 0.5531 

dB. 

Figure 4 gives the true and predicted Av values for both the models. 



 

 

 
Figure 4. True versus predicted Av values for linear and polynomial regression models. Source: Original. 

Polynomial model predictions are packed near the ideal line, but the linear model is off from the 

ideal line in low and high gain area. The above result shows that using polynomial regression to 

model the nonlinearity of small-signal gain is better than. 

4.3 Discussion 

From experiment if people use a Simple Regression Based ML model the transistor characteristics 

generated by SPICE could be predicted if all other operating condition(s) are kept constant and 

Dataset is well-behaved[2,3][6]. Polynomial regression is much better than linear regression for both 

Id-VGS and Av–VGS: This demonstrates that it’s important to have nonlinearities in the model 

structure. The Id-VGS fits were performed perfectly, this suggests the true nature of the relationship 

can be described as a quadratic function over the given range. 

And also note that in our feasibility study here, all available data points are used for training, and no 

separate test set is introduced. It’s fine to check for model and workflow basics here, but doesn’t say 

anything about being able to generalize. In reality we'd need larger datasets and proper training–

validation splits. However, it is clear from the present result that ML is a good candidate to model 

transistor behavior. 

5. Conclusion 

The study investigated if it’s possible to learn the SPICE simulated MOSFET characteristic by using 

simple linear or polynomial regression model. A small dataset is obtained from LTspice by sweeping 



 

 

the gate-to-source voltage VGSand recording the corresponding drain current Idand small-signal 

voltage gain Av. Apply two regression approach i.e., linear regression & second order polynomial 

regression in order to find out the relation between input voltages with the circuit response. The 

purpose is to find out if lightweight machine learning model can learn about the transistor very well. 

It is shown that the polynomial regression gives an excellent approx. of the SPICE sim. outputs: For 

the case of Id-VGS, polynomial model has almost an R2 of 1 and very low prediction error. Regarding 

the Av-VGS relationship, it is obvious that the polynomial model predicts better than a linear model. 

Besides. This study set up whole workflow links LTspice simulate, orderly arrange collected dataset, 

do some regressions, then make a little assessment. People see that even without lots of data, a 

machine learning model can be pretty close to the transistors. 

The future work could go even deeper in more complex ones. Like adding more inputs like VDS, and 

the transistors shapes to make more than one parameter model. Furthermore, even with more 

advanced ML techniques or bigger datasets could be used to generalize even further and perform 

holistic prediction at the circuit level. 
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